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ABSTRACT
A shift in accountability systems from No Child Left Behind to a reauthorization of the
Elementary and Secondary Education Act redefined the mandate of classroom teachers from
being highly qualified to highly effective. Whereas previously, a teacher was deemed highly
qualified for having a bachelor’s degree, full state certification, and demonstrated knowledge of
subject matter in the field they teach, a highly effective teacher had to demonstrate their abilities
to move a student at an acceptable rate of student growth (one grade level in an academic year).
To provide this evidence, student assessment data was now going to be a part of evaluating a
teacher’s effectiveness.
A key concern now, was how to incorporate student assessment data to accurately,
determine the input a teacher has had on a student’s learning progress. To address this inclusion,
several statistical models have been developed/adapted to parse out the educational contribution
of a teacher in a given year. These different models, however, are different in scope in regards to
transparency, expense, and data requirements to name a few.
The present study used a cohort of fifth grade math teachers in Arkansas to compare four
models (Gains Score Model, Covariate Model, Layered Model, and Equipercentile Model) on
their consistency in ranking teachers according to each’s calculations of teacher effects. The
teacher rankings were compared to investigate whether or not the teachers had similar rankings
across the different models, across time, and for different subpopulations. Results are intended to
assist school leaders identify the most transparent, and fiscally responsible model that will best
serve their schools’ needs.
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Chapter 1: Introduction
In January 2002, the No Child Left Behind Act (NCLB) of 2001 was passed into law
(Public Law 107-110). NCLB supports standards-based education reform on the principle that
attaining high standards and achieving measurable goals can improve individual outcomes in
education. This Act required States develop and administer assessments of basic skills to all
students enrolled at select grade levels and/or select classes. Administration of these assessments
is required for a state to receive federal school funding. Additionally, States were required to
establish set measureable objectives created to improve achievement by all students with the end
goal of all students at or above the proficient level by the end of the 2013-2014 school year.
During the first nine years of implementation, states sanctioned schools if they failed to
meet the targeted percent proficient for a school year as they worked toward the 2014 goal.
Further, this measure was based on whether their students were performing at grade level as
measured by the respective state Criterion Referenced Test (CRT).
In 2009 President Barack Obama and Secretary of Education Arne Duncan announced a
contest among states to spur innovation and reform in our nation’s failing educational systems.
This competitive contest was known as Race to the Top (RTTT). RTTT was part of the
American Recovery and Reinvestment Act (ARRA, P.L. 111-5) designed to distribute $4.35
billion dollars for public education to individual states. The RTTT was open to all states that did
not have state-level barriers in place that limited the linking of students to teachers or principals
for the purpose of evaluation (RTT TA Network Working, 2011). The contest called for states to
submit proposals with plans on how they implement comprehensive reforms across four specific
areas. The four key areas were:


adopting standards and assessments that prepare students to succeed in college and the
workplace and to compete in the global economy;

1



recruiting, developing, rewarding and retaining effective teachers and principals,
especially where they are needed most;



building data systems that measure student success and inform teachers and principals
how they can improve their instructional practices; and



turning around the lowest-performing schools.

Not dissimilar from the original goals of NCLB, the overarching goals of RTTT are to drive
substantial gains in student achievement, improve high school graduation rates and college
enrollment, and narrow achievement gaps between subpopulations. An instrumental component
of RTTT was the call to have effective teachers in all schools; the spot light that had been aimed
solely at student achievement as measured by the state CRT, was now aimed at how effectively
teachers were in educating their students.
In 2002, NCLB called for all schools to employ “highly qualified teachers (HQT)” in
“core academic subjects” by the end of the 2005-2006 school year. Individual states were
allowed to define HQT, and most defined HQT as having a bachelor’s degree, full state
certification, and demonstrated knowledge of subject matter in the field they teach. Under this
program most teachers were defined as HQT. Through RTTT the requirement of “highly
qualified” teacher was replaced with “highly effective” teacher. RTTT defined an effective
teacher as one “whose students achieve acceptable rates (e.g. at least one grade level in an
academic year) of student growth (as defined in this notice).” It is clear the intent was in order
for teachers to be effective, student learning and outcomes are increased “at or above what is
expected within a typical school year” (Lomax & Kuenzi, 2012). In effect, a significant
component of RTTT was that teacher evaluations must be based on student growth.
While the primary goal of teaching is to increase student knowledge, to be effective
teachers must disseminate information to students so they can more easily retain the information
2

(in theory, an effective teacher will have this outcome). However, the teacher is not the only
influence on student achievement. There are numerous confounding variables that may
contribute positively or negatively to student outcomes (Hanushek, Kain, O’Brien, & Rivkin,
2005; Lomax & Kuenzi, 2012). For example, in addition to the effects of instruction, student
learning may be influenced by the school and school policies, the school and district
administration, peer-to-peer interaction, parental involvement, and accessible resources.
Moreover, external factors outside the school setting, such as individual past experiences,
socioeconomic status, disability status, the community, etc. may also affect student learning. Due
to the interwoven contributions of all sources, it makes it difficult to parse out what knowledge
can be directly attributed to teacher input.
In addition to the impact of confounding variables on student achievement, evaluators
should address further limitations in measuring teacher effects. Many models in use employ
covariates as a way to statistically partition out effects that are beyond the control of the teacher
(D. F. McCaffrey, Lockwood, Koretz, Louis, & Hamilton, 2004). Covariates are included into
models to eliminate some systematic variance (Ballou, Sanders, & Wright, 2004) and can
improve the power of inferential statistics when reliably measured.
Policy makers appear to walk a “thin line” when including covariates such as
participation in the Free or Reduced Lunch Program (FRLP) into any measure of teacher effect.
By including FRLP as a covariate, it could be construed that policy makers are assuming that
socioeconomic status may influence students’ ability to learn and thus not hold teachers
accountable for equitable achievement for students from low socioeconomic backgrounds.
However, since students from low socioeconomic backgrounds tend to have lower scores on
student assessments compared to students from higher socioeconomic backgrounds (Lomax &
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Kuenzi, 2012), it may not be appropriate to exclude socioeconomic status as a covariate when
estimating teacher effects. A similar perspective may be taken when considering a student’s race.
Consider the hypothetical growth trajectories calculated for Johnny and Timmy with the
race covariate included in the calculations displayed in Figure 1-1. Johnny and Timmy are
seventh grade students from the same school, in the same class. Assume they have the exact
same prior end-of-year test scores for third through sixth grades. These two students also have
the same poverty classification. The only difference in the two students is race; Timmy is black
and Johnny is white. Based on the above information, the following predictions are made for
their seventh-grade end-of-year scores.

Figure 1-1. Scale Score predictions for two students with the same prior years’ scores where
students differ on race.
The prediction for each student with the covariate of race included in the growth model is
that their score will be closer to the average for their race, regression towards the mean. So
although both boys have the same test score history, Johnny’s projected score is higher than that
of Timmy’s. In essence, because Timmy is black, he is expected to perform lower than Johnny
on the seventh grade test. How can one justify that, with everything equal (prior test score
history, poverty level, classroom teacher, etc.) the white student is expected to perform higher
than the black student. In this effect, are we to assume Timmy have less growth than Johnny
based on race alone?
4

Putting this in terms of measures of teacher effects, when both boys again have the same
score on the seventh grade exam, since Jonny’s achievement gains is below that of what was
expected, he will count negatively towards the teacher’s effectiveness measure. But since
Timmy’s measure exceeded the expectation set for him, he will contribute positively towards the
teacher’s effectiveness measure.
A valid comparison cohort for use in estimating a teacher’s instructional effect on student
achievement will assist researchers identify the teacher effect. One approach, as is current in
practice (Lomax & Kuenzi, 2012), is to compare a teacher’s effect as calculated via a statistical
model against that of the average estimated teacher effect in a school, district or state. Of
importance is identifying the standard by which you wish to measure your teacher effect
estimates. If the goal is to provide information about a teacher’s effectiveness relative to others
in the district, then producing estimates relative to the average teacher in the district would be
appropriate.
Researchers have been studying different ways in which to measure the impact a teacher
has on student learning, the teacher effect. In current practice among states, there exist different
modes of evaluating teacher effectiveness spanning classroom observations, classroom
walkthroughs, interviews and statistical models linking student achievement to teachers.
Common statistical models currently in practice to measure teacher effects include Value-Added
models, growth models, and status models (Ligon, 2008). This study investigates the different
inferences on teacher effectiveness that can be derived from three Value-Added models and one
Growth model.
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Value-Added Analysis
Value-added analysis is a statistical technique that measures student academic growth
over time (“Understanding Value-Added”, n.d.); the impact a teacher, school, or district has on
the amount of progress a student makes during the course of a school year (Tennessee Value
Added Assessment System segment 1.1 Overview video team-tn.org/teacher-model). This
methodology can be used to measure teacher and/or school impacts on student learning parsing
out effects of other contributing factors (The Teacher Advancement Program, n.d.). Several
studies have determined that the teacher is the largest contributor to a child’s education among
all other variables (George, Hoxby, Reyes, & Welch, 2005; Wright, Horn, & Sanders, 1997).
As the teacher is the largest contributor to a child’s education according to researchers, it
is pertinent that our classrooms are staffed with effective teachers. Determining what constitutes
an effective teacher has been subject to debate. With the adoption of NCLB, and more recently
RTTT, there has been a greater push in requiring student standardized test scores be a component
of a teacher’s effectiveness rating. The United States Department of Education (DOE) has
identified four different types of models currently in use by different states to measure teacher
effects utilizing student achievement. These models include the Gain Score Model (GM),
Covariate Adjusted Model (CM), Layered Model (LM) and Equipercentile Model (EM).
However, depending on the statistical model chosen, results may vary for an individual
teacher. The conclusions drawn based on the employed model may create potentially eclectic
consequences on the evaluation of teachers. Potential consequences include undue promotion or
demotion, incorrectly awarding or denying incentive of pay, or incorrectly identifying or failing
to identify teachers in need of remediation (Ali & Namaghi, 2010; Harris & Rutledge, 2007).
Therefore, analyzing and comparing these four models forms the basis for this research.
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The most common statistical methods for providing measures of teacher effectiveness
based on student achievement are referred to as Value-Added Models (VAM). However, not
every value-added assessment system is a VAM. VAMs are quasi-experimental statistical
models that seek to establish a link between a variable (teacher) and an outcome (student
achievement) (Lomax & Kuenzi, 2012). Three of the models under investigation in this study
(the GM, the CM and the LM) are VAM models. The fourth model under investigation, the EM,
is a growth model commonly referred to in the literature as the Student Growth Percentile Model
(Betebenner, 2009). VAMs and growth models are not interchangeable. While both measure
growth over time, VAMs are a specific type of growth model that aim to identify to what extent
can the gains/losses in student achievement be attributed to a specific teacher (Reform Support
Network, 2011) and the generic “growth model” is simply an unadjusted case of the VAM
(Ligon, 2008); i.e. it does not “control for” the influence of selected factors such as
socioeconomic status. The EM is used to examine changes in the student achievement of an
individual student relative to other students. This information is then aggregated to the teacher
level to produce a measure of teacher effect (RTT TA Network Working, 2011).
When selecting a model to analyze value-added effects of a teacher, policy makers must
think critically about how the results will be used; not every model will produce equally useful
information (RTT TA Network Working, 2011). Model selection depends on which decisions the
information will be used to make and which model will best provide information for these
decisions. Further, interested persons must be mindful of the cost of the model and the ability of
the results to be comprehensible to parents and other educational stakeholders. Additionally,
although the RTTT requires student data be used in calculating measures of teacher effects,
statisticians have cautioned administrators on the use of statistical models as the sole method for
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determining the value-added by a teacher (Braun, 2005; Lissitz, 2012) particularly when high
stakes are associated with teacher ratings.
Statement of the Problem
When choosing which statistical model to use to estimate teacher effects, policy makers
are faced with several complicated decisions. Some models, like the GM, are easy to compute,
understand, are less expensive and do not require multiple years of data. However, the GM does
not consider students’ initial achievement level, adjust for background characteristics, and other
factors such as measurement error. In contrast, the LM requires several years of data in multiple
subject areas, is complex, expensive and difficult to understand. They do, however, provide
relatively precise estimations of teacher effects. Additionally, when deciding which model to
employ, policy makers must take into consideration the impacts for including/excluding
covariates, such as socioeconomic status or race, into models to measure teacher effects.
There are many factors that must be taken into consideration when choosing a statistical
model to best estimate teacher effects. Policy makers need to be provided with greater
understanding of the consequences of model selection. The objective here was to choose a model
that evaluates a teacher’s effectiveness via measures of teacher effects. I did not seek to predict
whether a teacher will be effective with a particular class in a given year, rather I wished to
evaluate whether or not their contributions to students was positive; did the students make
appropriate learning gains?
Purpose of the Study
It is imperative that K-12 classrooms have effective teachers. A 2012 study by the
George Bush Institute found students in the U.S. are not achieving at the same level as their
international counterparts (Hoffmann, 2012). In addition, the New Teacher Project reports even
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high-need students assigned to a highly effective teacher for three consecutive years may
outperform students not taught by a highly effective teacher for three years by as much as 50
percentile points (Weisberg, Sexton, Mulhern, & Keeling, 2009).
The New Teacher Project (2009) suggests student level assessment scores should account
for no more than 60% of the total teacher effectiveness score in their blueprint for a “rigorous,
fair and credible teacher evaluation systems (“The New Teacher Project,” 2010).” While
allowing for other measures to be taken into consideration, such as classroom observations or
other student learning measures, the New Teacher Project asserts the most accurate measure of
student progress should carry the most weight.
With the emphasis of accountability shifting to teachers and their effectiveness in the
classroom, it is important that models will most accurately attribute student gains in achievement
to the correct source, thus helping to identify a teacher’s level of effectiveness. And as the
distributions of test scores change every year, it is important to see the differing results and
differing conclusions that one could derive about a teacher’s effectiveness based on different
statistical models.
For the purpose of this study the Gain Score Model (GM), Covariate Adjusted Model
(CM), Layered Model (LM) and Equipercentile Model (EM) will be investigated to compare
results for differences in measures of teacher effects across multiple years in Arkansas. More
specifically, are the different models producing the same teacher rankings?
The GM is the most parsimonious model under investigation in this study. The GM
calculates difference in student scores between two years to see how much gain a student made
throughout the school year. The typical GM averages the differences for all students in a
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classroom to generate a teacher measure. The teacher measure is compared to the average gain
score for a group of teachers (i.e. in a school, in a district, or state).
The CM models current year’s test scores as a function of prior year’s test scores with the
inclusion of student and classroom characteristics as covariates. The teacher effect estimates the
impact a teacher has had during the current year.
The LM simultaneously models scores across multiple years and multiple subjects. Later
years of teacher effects build on earlier estimates, thus providing “layering” effects. Models of
this type do not include covariates, such as student socioeconomic level, in the equation.
Finally, the EM model analyzes students’ progress during a school year to peers with
similar academic history. This model uses quantile regressions placing current performance
relative to prior performance into a percentile metric (RTT TA Network Working, 2011).
General Research Questions
Research has shown that teacher effects vary from class to class, year to year and
depending on which statistical model was used in the estimation. Similarly, the choice of
statistical model chosen to measure teacher effects could result in different conclusions
pertaining to the amount of added value a teacher has on student achievement. Given interest in
quantifying the amount of added value a teacher has to his/her students, the following research
questions were developed comparing the four popular models currently in place with actual
student data.
Research question 1. Did the rank order of estimates of teacher effects differ depending
on the model chosen to measure the teacher effects? To test this question, the rankings of each
teacher according to their estimated teacher effectiveness were compared for each model.
Research question 2. Were the teacher effect measures correlated across time
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demonstrating stability in the models, e.g. a teacher with a gain score rating of 3 in 2013 received
a same rating of 3 in 2014? To test this question, correlations of teacher effectiveness ratings
were compared within each model.
Research question 3. Did models measuring teacher effects have consistent results for
similar teachers regardless of student background characteristics? To test this hypothesis,
teachers were categorized by poverty level as measured by the percent of students in the district
participating in the Free/Reduced lunch program (high, medium or low poverty) on minority
status depending on the percentage of students in the district who were neither White nor Asian.
Teachers were ranked within each subpopulation. Their rankings were correlated across models.
Table 1-1 shows the distribution of poverty classification across the five regions in Arkansas.
Table 1-1
Poverty Classification
Frequency (Percent)
Region 1

68,182 (58.27%)

Region 2

44,272 (66.61%)

Region 3

56,520 (56.82%)

Region 4

21,729 (67.67%)

Region 5

13,725 (72.95%)

Significance of the Study
The ability to evaluate teachers based on student gains is paramount to identifying an
important characteristic that make teachers effective. The consequences of ineffective teachers
are far reaching. Schools/districts retaining ineffective teachers put students, fellow teachers, and
the community at a disadvantage. Sanders and Rivers (1996) argued in their study that the effect
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of ineffective teachers is cumulative and additive. In fact according to their research, teacher
sequencing can result in a difference of 50 percentile points in student achievement over the
course of three years. And yet while effective teachers receiving students from ineffective
teachers can facilitate excellent gains, the residual effects of the ineffective teacher can still be
measured in subsequent years (Sanders, Rivers, & Hall, 1996).
This study seeks to identify which statistical model most accurately attributes student
gains in achievement to teachers and under what circumstances. By narrowing the selection of
statistical models, schools and districts can better expend their resources in selecting a model that
will produce the most precise results.

12

Chapter 2: Literature Review
The No Child Left Behind (NCLB) act of 2001 mandated that all students would be
performing on grade level (i.e., 100% proficient) in mathematics and literacy by the school year
2013-2014. To comply with this mandate, each state was permitted to design unique Adequate
Yearly Progress (AYP) plans to reach this goal by 2013-2014 (NCLB, 2001 Sec. 1111 [b] [2]
[F]). While some states opted for a curvilinear approach with little improvements in the
beginning years followed by significant gains in the culminating years, Arkansas utilized a linear
trajectory where steady increases were to be made each year. In the end, Arkansas schools and
districts had three means by which they could meet the predetermined Annual Measures of
Objectives (AMOs) to be considered as having made AYP. Arkansas schools and districts could
meet the AMOs by percent proficient, Safe Harbor or growth for seven subgroups in
mathematics and in literacy. The seven subgroups included: Combined Population, African
American, Hispanic, Caucasian, Economically Disadvantaged, Limited English Proficient (LEP)
and Students with Disabilities (SWD).
As test scores are the predominant data used in determining a school’s status, it is
imperative that scores be comparable across tests and from year-to-year (Lissitz & Huynh,
2003). The use of horizontal scaling of scores and vertical scaling of scores can help ensure that
scores are comparable across tests (horizontal scaling) and from year-to-year (vertical scaling).
Consider the third-grade end-of-year exam. Assume this exam has 5 versions (Test Form A –
Test Form E). Horizontally scaling these tests would take students’ raw scores on the particular
exam and transform them to a new set of numbers with a specific selected attributes such as
mean and standard deviation. To this end, the purpose of scaling the exams to the selected
attributes was to equate all five versions of the third-grade exam; it is now possible to compare
the student scores across tests (i.e., regardless of the difficulty of the exam).
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The use of vertical scaling to compare scores from year-to-year is more complicated. This
complexity arises from test specifications. When we scale horizontally, third grade Test-Form A
to Test-Form B, we know the same set of test specifications was used for the creation of each
test; they are testing mastery of the same information. However, when we test from year-to-year,
students will be expected to have mastery of more content in the later year than the first, thus,
different test specifications. This is a violation of a major assumption needed for equating that
the tests are measuring the same general content. By violating this assumption, rather than
equating the two tests, you are predicting the second test score from the first test score (i.e., you
are using a student’s third-grade test score to predict their fourth-grade test score).
Lissitz & Huynh (2003) purposed the idea of vertical moderation to circumvent the
problems that arose from vertical equating. Rather than equating a score on one exam to a score
on another exam, vertical moderation focuses on the category of performance attributed to
students based on the state assessment (e.g., below basic, basic, proficient, advanced). They
argue that the focus of instruction should be that of meeting the achievement level that predicts
adequate completion of the next grade. Through a judgmental process of defining the skills
necessary to be deemed as having successfully completed the next grade and a statistical process
that will project student performance forward, educational agencies are able to predict whether
students are likely to gain the required knowledge to be considered as having met the standard
(proficient) the next year.
To qualify as having met AYP through percent proficient, each school/district had to
have a percentage of students (excluding mobile students) advanced or proficient greater than or
equal to the predetermined AMOs for a given year in each subgroup. If a school/district failed to
meet or exceed the AMO for any subgroup in either math or literacy, then the school/district
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would fail to meet AYP for that year through percent proficient. Percent proficient was
calculated using the following formula:
# non-mobile proficient/advanced students
All non-mobile students tested
If a school failed to meet AYP through percent proficient, they could then determine if
they met the AMOs through Safe Harbor. The state agency provided the formula below:
(100 − 𝑃𝑏 ) − [(100 − 𝑃𝑏 )(0.1)] ≥ (100 − 𝑃𝑎 )
where 𝑃𝑏 is the percent of non-mobile students classified as proficient or advanced for the
previous year and 𝑃𝑎 is the percent of non-mobile students classified as proficient or advanced
for the current year to determine whether a school met Safe Harbor. Essentially, a school must
decrease their percent of non-mobile students NOT proficient by 10% to be considered to have
met Safe Harbor (Mulvenon, 2010). This is calculated for each of the seven subgroups for math
and literacy. Each school/district could employ Safe Harbor for each subgroup in both subjects
only after their secondary indicators had been met. Secondary indicators will be discussed below.
NCLB offered some flexibility in their measurement models (Mulvenon, 2010). To this
end, both the Safe Harbor and percent proficient calculations utilized a confidence interval
calculated from the state data which allowed some schools to meet AYP despite being a fraction
of a percentage off of the required AMO needed. The required AMOs could be reached by all
seven subgroups in math and literacy through a combination of percent proficient and Safe
Harbor.
The third measure by which a school/district could meet AYP was through individual
student growth. This alternate method to measure student growth is known as the Student
Growth Model (GM). Growth models typically refer to models that track student achievement
scores from one year to the next in an effort to determine if the student made individual progress
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toward being proficient by 8th grade during the course of the school year. Growth models could
be considered a subset of VAM as all growth models are VAMs but not every VAM is classified
as a growth model (Briggs, Weeks, & Wiley, 2008). Arkansas was one of 11 states selected to
implement their growth model (O’Malley et al., 2009).
During the years of investigation for this research, all students in grades 3-8 in Arkansas
were administered CRT exams (Benchmark exams) in mathematics and literacy that were scored
on a moderated vertical scale (Lissitz, R. & Huynh, H., 2003). A non-linear growth trajectory
was calculated for each student from their initial Benchmark score with the expectation that each
student will be proficient by the eighth grade and more growth is expected to occur in the earlier
years than the later years. The score a student would have to make each year to be on track to
being proficient by eighth grade is known as the expected scale score. If a student met their
expected scale score for a given year, the student was considered to have “met growth” for that
year even if the score was below the proficiency cut score for that grade. In the Arkansas SGM,
non-mobile students who were not proficient but “met growth” were added to the numerator
when calculating the percent proficient. The formula below was used to calculate growth.
# non-mobile proficient/advanced students + # non-mobile below proficient students who met growth
All non-mobile students tested

For a subgroup to meet growth, the growth calculation must meet or exceed the required
AMO for the given year. In order to invoke growth to meet AYP, a school must meet the AMO
via growth for EVERY subgroup within each subject. Additionally, since a growth trajectory
was calculated for each individual student, no confidence intervals applied to the growth model.
End of Course (EOC) exams in high school (Algebra, Geometry, Biology and Grade 11 Literacy)
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were excluded from growth calculations as they are not measured on a vertical scale or year to
year.
Table 2-1 below shows the scaled scores, expected scaled scores, proficiency cut scores
and whether or not the three fictitious students met growth for literacy. For Literacy, Mary and
John will count in the numerator for the percent proficient calculation as both scaled scores
exceed the proficiency cut score. Although Glen failed to reach the proficiency cut score, he did
meet his expected scale score and thus all three students will count in the numerator for the
growth calculation. Despite not having met her expected scaled score, Mary would still count in
the numerator as the growth model is a growth to proficiency model and she was proficient.
Also, since the growth model gives credit to students who were not proficient, but met their
growth trajectories, each student can count only once in the numerator. Therefore John would
only count once in the numerator for his proficient scaled score even though he also met his
growth trajectory.
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Table 2-1
Student Literacy Achievement Information
Literacy
Proficiency
Student
Grade Classification
Glen Smith
4th
Below Basic

Literacy
Scaled Score
325

Literacy
Expected
Scaled Score
316

Literacy
Proficiency
Cut Score
559

Literacy Met
Growth
Yes

Mary Williams

5th

Proficient

641

661

604

No

John Jones

6th

Proficient

698

603

641

Yes

Table 2-2 below shows the scaled scores, expected scaled scores, proficiency cut scores and whether or not the three fictitious
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students met growth for mathematics. For mathematics, Mary and John will count in the numerator for the percent proficient
calculation as both scaled scores exceed the proficiency cut score. Mary and John are the only two students as well who will count in
the numerator for the growth calculation. Glen will not count in either calculation as his mathematics scaled score was below the
proficiency cut score and his expected mathematics scaled score. Although Mary failed to meet her expected mathematics scaled
score, she will still count in the numerator of the growth calculation since she did exceed the mathematics proficiency cut score.
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Table 2-2
Student Mathematics Achievement Information

Student
Glen Smith

Grade
4th

Mathematics
Proficiency
Classification
Basic

Mathematics
Scaled Score
515

Mathematics
Expected
Scale Score
520

Mathematics
Proficiency
Cut Score
559

Mathematics Met
Growth
No

Mary Williams

5th

Proficient

658

667

604

No

John Jones

6th

Advanced

785

675

641

Yes
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Refer to Figure 2-1 for an example of a student growth trajectory as provided by the National Office on Research,
Measurement and Evaluation Systems (NORMES) to the state agency. The growth trajectory includes proficiency cut scores, expected
scores, and student scaled scores. Figure 2-1 shows the expected mathematics growth trajectory and mathematics scaled scores for the
above student John. We can see that John exceeded the proficiency cut score for third through sixth grades. We also see that although
John was proficient in fifth grade, he failed to meet his expected scaled score. Failing to meet his expected scaled score for fifth grade
indicated at that time, he was no longer on target to being proficient by eighth grade.
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Figure 2-1. Example Student Growth Trajectory
Each school had two secondary indicators that must additionally have been met in
addition to meeting the AMOs for a given year. The first secondary indicator for AYP required
an overall school attendance rate of at least 91.13% for the elementary, middle and junior high
schools and a graduation goal of 73.9% for high schools. The additional secondary constraint
required that every child enrolled in a tested course be tested; each subgroup had to achieve a
predetermined percent tested of 95%. By testing every student, the academic achievement of
every student would be measured thus providing information to teachers and parents enabling
them to provide appropriate remediation to individual students in an effort to ensure that no child
was left behind, the intention of NCLB.
In 2009 the federal government announced a new initiative called Race To The Top
(RTTT) in which states could revamp their state accountability systems while competing for
federal funding. The RTTT initiative mandated one important piece not fully extended in the
original NCLB plan: measuring teacher effects, the contribution each teacher has to the academic
growth of each student.
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Several studies have concluded that an effective teacher is the most critical school-based
factor contributing to student learning (Kane, Rockoff, & Staiger, 2008; Rivkin, Steven,
Hanushek, Eric, Kain, 2005; Wright et al., 1997). The original NCLB of 2001 addressed teacher
effectiveness to an extent. It required that all schools would be 100% staffed by highly qualified
teachers by the end of the 2005-2006 school year. The federal government loosely defined a
highly qualified teacher as:
“To be deemed highly qualified, teachers must have: 1) a bachelor’s degree, 2) full state
certification or licensure, and 3) prove that they know each subject they teach” (NCLB Fact
Sheet, 2004). A problem with this loose definition was that each state had the prerogative to set
their own pass scores on qualifying teacher exams (e.g. PRAXIS).
The RTTT initiative elaborated on the requirement of staffing highly qualified teachers to
include teachers not only be highly qualified, but also highly effective (Achieve Inc., 2009).
RTTT required states to have viable methods “to measure the effectiveness of teachers, provide
an effectiveness rating to each individual teacher, and use those ratings to inform professional
development, compensation, promotion, tenure, and dismissal” (Weisberg et al., 2009).
Improving teacher quality and effectiveness was identified as one of the most pressing issues
facing schools in their efforts for reformation and improvement (Thoonen, Sleegers, Oort,
Peetsma, & Geijsel, 2011). As a result, states were required to include multiple inputs to measure
a teacher’s effectiveness with a measure of student growth mandated as one input (Achieve Inc.,
2009) in their RTTT application to the federal government. Additionally, funded states were
required to develop a large data base to link student achievement and growth data that would
connect individual teachers to individual students (Crowe, 2011).
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Overview of VAM
The concept of Value-Added Models (VAMs),prevalent for years in econometrics, was
originally adopted by William Sanders for use in education in Tennessee and has now expanded
to include states such as Ohio and Pennsylvania (Bruan, 2005). Value-added analysis is a
methodology used to partition out the effects a teacher or school has had on student learning
(The Teacher Advancement Program, n.d.). These models allow researchers to identify true
teacher and school effects after controlling for student characteristics and other factors
contributing to student achievement (Darling-hammond, Amrein-Beardsley, Hartel, &
Rothestein, 2012). It is important to note that teacher “effects” refer to the output of a statistical
measure, in this case, the change in scores as measured by the state CRTs, whereas teacher
“effectiveness” refers to the interpretation related to the teacher contribution on student growth
(Braun, 2005) that includes other measures beyond student test scores (i.e., interviews,
observations, etc.).
Henry Braun (2005), amongst others (Berk, 2005; Jerald & Van Hook, 2011), cautions
measuring a teacher’s effectiveness solely through the use of statistical tests used to measure
students’ growth. This is especially of importance when considering high stakes such as salaries,
promotions and/or sanctions, are concerned (Hibpshman, 2004). VAM models are inappropriate
to be used alone in making these decisions. Braun cautions on the ability of districts and schools
to make valid determinations of a teacher’s effectiveness as there are many pitfalls associated
with the data typically available to schools and districts. VAM results can, however, be
appropriately used to identify teachers in need of assistance, and how to plan and target
professional development (Murphy, 2012; Weisberg et al., 2009).
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The American Education Research Association and National Academy of Education
published a list of qualities effective teaches are said to possess in the republication of Getting
Teacher Evaluation Right: A Brief for Policy Makers in 2011. These specific teaching practices
are said to promote student gains. Effective teachers are said to:


Understand subject matter deeply and flexibly



Connect what is to be learned to students’ prior knowledge and experience



Create effective platforms and supports for learning



Use instructional strategies that help students draw connections, apply what they’re
learning, practice new skills, and monitor their own learning.



Assess student learning continuously and adapt teaching to student needs;



Provide clear standards, constant feedback, and opportunities for revising work; and



Develop and effectively manage a collaborative classroom in which all students have
membership
To truly measure the effectiveness of a teacher as defined above, administrators must

employ interviews and/or observations in addition to measures of student growth. Given these
characteristics of an effective teacher, teacher effectiveness cannot be measured by VAMs alone.
VAMs are purely statistical in nature and rely on no measures of student learning other than test
outcomes for measuring the effects of a teacher (Braun, 2005). VAMs strictly use student test
scores to identify the effect a teacher has had on student growth by measuring year to year
change. The authors of VAMs argue that by measuring changes in student test scores from year
to year, they are objectively able to isolate impacts specific teachers have had on student learning
(Braun, 2005).
As mentioned, for the purpose of measuring teacher effects, the goal of VAMs is to parse
out influences on student achievement that are not related to the impact a teacher has had on
student growth. Student learning consists of “composition effects” and “contextual effects.” The
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effects of school demographics, such as the mean socio-economic status of the school or the
racial composition of students zoned to attend certain schools, are referred to as composition
effects (Darling-hammond et al., 2012). When the composition of students across teachers differs
from the average of the school, there is potential for biased estimation of teacher effects. The
environments in which teaching and learning take place constitute the ‘contextual effects’
(Daniel F McCaffrey, Lockwood, Koretz, & Hamilton, 2003). Several models in use, such as the
Covariate Adjusted Model and the Layered Model, include variables such as these to help
control for potential bias.
There are contextual effects considered to be systematic factors associated with learning
for which VAMs cannot control. Some of these factors effecting student learning include: school
factors such as class sizes, curriculum materials, and resources; home and community supports
or challenges; individual student needs and abilities; peer culture and achievement; and prior
teachers and schooling as well as other current teachers (Braun, 2005; Darling-hammond et al.,
2012; Rothstein, Haertel, Amrein-Beardsley, Darling-Hammond, & Little, n.d.).
While there exist contextual factors that VAMs are unable to control for, statisticians and
policy makers alike would disagree that some factors, such as race or socioeconomic status,
should be included as covariates in VAM models. Despite understandings of typical impacts of
race or socioeconomic status on a student’s education, it is neither politically nor morally correct
to assume that two students starting at the same ability level, with all other factors consistent,
less race or socioeconomic status, would have different projected academic trajectories.
For the purpose of this study, teachers will be compared to fellow teachers in their regions. As a
result, school factors, home and community support, and peer culture, should be similar for all
teachers. Additionally, it is assumed that individual student needs abilities and prior teacher
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impacts will be randomly distributed among teachers consequently having no significant impact
on one teacher.
As mentioned in 0, four different statistical models commonly used to measure teacher
effects are the Gain Score Model (GM), Covariate Adjusted Model (CM), Layered Model (LM)
and Equipercentile Model (EM). The general case of each model is described below.
Gain Score Model
The Gain Score Model (GM) measures year-to-year change by subtracting the prior year
score from the current year score. Typically, a teacher’s gain score is the average of the gains for
all their students in a given year. This score is then compared to the gains of other teachers
teaching in similar areas. The GM below as
𝑑𝑖𝑡 = 𝑦𝑖𝑡 − 𝑦𝑖,𝑡−1 = 𝜇𝑖𝑡 + 𝑇𝑡 + 𝑒𝑖𝑡

(2 - 1)

Where
𝑑𝑖𝑡

is the difference between two successive scores for student i at the 𝑡𝑡ℎ year of data
collection

𝑦𝑖𝑡

is the score for the 𝑖 𝑡ℎ student in the 𝑡𝑡ℎ year of data collection for 𝑡 ≥ 1

𝑦𝑖𝑡−1

is the score for the 𝑖 𝑡ℎ student in the 𝑡 − 1𝑡ℎ year of data collection for 𝑡 ≥ 1

𝜇𝑖𝑡

is the student specific mean for grade level at year t

𝑇𝑡

is the teacher effect that estimates the impact the current teacher has on student
academic growth for year t

𝑒𝑖𝑡

is the residual error term for the 𝑖 𝑡ℎ student in the 𝑡𝑡ℎ year of data collection that
represent the effects unique to student i due to chance that have not been controlled.
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This model assumes that for each grade, teacher effect and the residual error terms (𝑒𝑖𝑡 ) are
respectively independent identically distributed (i.i.d.) normal random variables with mean zero,
2
variance 𝜎Tt
and 𝜎ϵt2 , and independent of each other.

The GM is easy to compute/implement and explain. Since the model simply finds the
difference in year-to-year scores, time-invariant factors such as poverty, race or gender as well as
students’ prior achievement scores beyond one year, do not need to be measured. The GM
requires only two years of data whereas other models can be data intense.
While the ease in calculation and transparency of the GM is appealing there are also
disadvantages to the GM. The GM is only applicable to scores from tests that are administered in
adjacent grades and measured on a single developmental scale. While these requirements do help
to verify that the changes in performance are not a result of the use of different tests, (i.e. 𝑦𝑖𝑡 is
the scaled score for the ITBS test, and 𝑦𝑖𝑡−1 is a scaled score from the MAP test) (McCaffrey et
al., 2003), in Arkansas, this model would only be applicable in grades 4-8. Students who do not
have two consecutive scores will not be included in the model. Additionally annual gains can be
relatively imprecise and unreliable when true differences in growth among students are small
(Rowan, Correnti, & Miller, 2002; Rogosa, Brandt, & Zimowski, 1982).
Each test a student takes consists of their true score, T, and random measurement error, E,
where the measurement error is the difference between the examinee’s true score, T, and the
observed score, X, they earned on the exam. Similarly, assuming errors are random and do not
correlate with true scores or each other, the variation in obtained scores, 𝑆𝑋2 , across a population
is equal to the sum of the variation in the true scores, 𝑆𝑇2 , in the population and the variation in
the measurement error, 𝑆𝐸2 (Harvill, 1991). The reliability of a test, 𝜌, can be defined as the ratio
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of true score variance to observed score variance. 𝜌 = 𝑆𝑇2 /𝑆𝑋2 or 𝜌 = 1 − 𝑆𝐸2 /𝑆𝑋2 . As the variance
in measurement error decreases, the test reliability increases.
However, consider 𝜌(𝐷), the reliability of difference scores presented below in Equation
2-2
𝜎𝛽2
𝜌(𝐷) =
𝜎𝜖22 −𝜖1
𝜎𝛽2 +
(𝑡2 − 𝑡1 )2

(2 - 2)

Where
𝜎𝛽2 = the variance of the rates of change
𝜎𝜖22 −𝜖1 = the difference in the variance of the errors at testing time one and testing time
two.
𝑡2 − 𝑡1 = the difference between testing time one and testing time two
As can be seen in the formula, the reliability of the difference scores is heavily dependent
on the variance in the errors of measurement and errors in true rate of change. If the variation in
the rate of change for a group of individuals is very small, the reliability measure of the gain
score will be very small.
Consider a hypothetical fourth grade class in Figure 2-2 below.
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Figure 2-2. Example of students with very little difference in rates of change.

Figure 2-2 shows a class of students for which the individual growth rates change very
little for each student from third grade to fourth grade. The correlation between the third and
fourth grade tests is 0.91 and the correlation between the third grade test and the rate of change is
0.05.
Covariate Adjusted Model
Covariate Adjusted Models (CMs) model the current year’s test score as a function of
prior test scores along with covariates. These included covariates are other classroom or student
characteristics that are believed to impact student academic performance; the covariates “factor
out” influence not attributable to the teacher (Lomax & Kuenzi, 2012). Some of the most
common covariates used in education include socioeconomic status, ability to communicate in
English (ELL status), and disability status. The CM below is a regression model
𝑦𝑖𝑡 = 𝜇𝑖𝑡 + 𝛽1 𝑦𝑖,𝑡−1 + 𝑇𝑡 + 𝑒𝑡
Where
𝑦𝑖𝑡

is the score for the 𝑖 𝑡ℎ student in the 𝑡𝑡ℎ year of data collection for 𝑡 ≥ 1
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(2 - 3)

𝜇𝑖𝑡

is the student specific mean for grade level at year t with adjustments for home and
school factors affecting student learning

𝛽1

is the vector of included covariates

𝑦𝑖,𝑡−1
𝑇𝑡

is the score for the 𝑖 𝑡ℎ student in the 𝑡 − 1𝑡ℎ year of data collection for 𝑡 ≥ 1
is the teacher effect that estimates the impact the current teacher has on student
academic growth for year t

𝑒𝑖𝑡

is the residual error term for the 𝑖 𝑡ℎ student in the 𝑡𝑡ℎ year of data collection that
represent the effects unique to student i due to chance that have not been controlled

This model assumes that for each grade, teacher effect and the residual error terms (𝑒𝑖𝑡 ) are
2
respectively i.i.d. normal random variable with mean zero, variance 𝜎Tt
and 𝜎ϵt2 , and independent

of each other. Each year of data are fit separately allowing additional years of data be entered
into the model as covariates (Daniel F McCaffrey et al., 2003).
The adjusted covariate model may be further subdivided into two analytic strategies: the
random-effect strategy that produces more precise estimates at the cost of greater bias, or the
fixed-effects strategy yielding less bias at the cost of precision (RTT TA Network Working,
2011). Models that specify teacher effects as “fixed-effects” assume the observed teachers are
the only teachers of interest (Daniel F McCaffrey et al., 2003). This type of model yields
measures that are solely dependent on individual teacher’s students thus possibly resulting in
large deviation scores due to the variability in student scores (Daniel F McCaffrey et al., 2003).
Caution should be taken when using fixed effects in models attached to high stakes
accountability. For teachers with small classes, the variability in student scores will likely result
in a teacher effectiveness rating in one of the extremes of a distribution. However, Lomax and
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Kunzi (2012) propose the fixed-effect model is preferred when an accountability system is in
place.
Models that incorporate random-effects assume the observed teachers are a sample of a
larger population of teachers of interest. When effects are treated as random, teacher effects are
estimated from data from all teachers. Random effects cause “shrinkage” toward the mean. This
shrinkage estimation is known as a Best Linear Unbiased Estimator (BLUE). While this
shrinkage reduces the variability in estimated teacher effects (Daniel F McCaffrey et al., 2003), it
also forces teacher estimates to deviate away from the true unobserved effects. Unlike models
incorporating fixed effects, the shrunken averages of random effects models minimizes the
impact of the variation in student scores in small classes. A negative side to this is that truly
ineffective teachers will receive higher scores than deserved and inversely, highly-effective
teachers will receive lower scores than deserved.
Deciding on whether to use fixed or random effects in models depends on the VAM
application in use, or inferences one wishes to derive. For instance, if variance components are of
interest, random effects are preferred over fixed effects. While the R2 value in the fixed effects
model can be used to make inference, fixed effects models do not provide direct estimates of
variance among teachers as do random effects models (Daniel F McCaffrey et al., 2003). In
general, if the possibility of underestimating the most and least effective teachers when estimates
are shrunk toward the mean will not be detrimental to the inferences of interest, random effects
are preferred. If the underestimation of most and least effective teachers is of concern for
inferential purposes, fixed effects are preferred (Daniel F McCaffrey et al., 2003). Essentially, if
a school is to assume teachers are a random subset of all the teachers in the universe, the random
effects model would be appropriate. However, if the teachers are thought to represent all teachers
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in a relevant population, a fixed effect model would be appropriate (Goldschmidt, Choi &
Beaudoin, 2012).
The CM is in wide use and championed to be easy to understand and to compute while
controlling for effects of prior educational experiences (Mariano, McCaffrey, & Lockwood,
2010). Yet some statisticians caution their use to measure teacher effectiveness (Rowan et al.,
2002) stating CMs do not sufficiently measure changes to student achievement (Rogosa, 1995;
Stoolmiller & Bank, 1995). Johnson (n.d) and Tekwe et al. (2012) additionally showed this
model to be relatively imprecise with the use of only two years of data and by fitting the model
with each year separately, important information about prior years student performance which
could account for individual student factors and help reduce bias is ignored (Daniel F McCaffrey
et al., 2003).
Layered Model
The Layered Model (LM) links the impact of previous years’ teachers to latter years
teachers (Daniel F McCaffrey, Lockwood, Koretz, & Louis, 2004; Sanders, 2006). The effects
are thought to “layer” on top of one another. By linking current data to previous teachers, another
layer of protection is afforded teachers against misclassification (Sanders, 2000). In the layered
model, credit for student attainment will appropriately be assigned to a teacher as current scores
effect the estimates of current and previous teachers (Sanders, 2000).
The LM can simultaneously model scores for multiple subjects through multiple years
(RTT TA Network Working, 2011). The inclusion of covariates into LM are optional (RTT TA
Network Working, 2011; Wiley, 2006). The LM measures teacher effects strictly as random
effects with the inclusion of all teachers a priori considered “average” (a teacher effect of zero)
until enough information is collected to prove otherwise (Sanders & Horn, 1994; Wright, White,
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Sanders, & Rivers, 2010). These estimations are interpreted as a gain expressed as a deviation
from the average gain of the district/school as a whole (Wright et al., 2010).
The layered model used in this study, adapted from the SAS EVAAS Layered Teacher
MRM (Wright et al., 2010) for a single subject where 100 percent of the student’s instructional
time is claimed by the teacher is as follows:
𝑇𝑖𝑗∗𝑘∗

𝑦𝑖𝑗𝑘 = 𝜇𝑗𝑘 + (∑ ∑ 𝜏𝑖𝑗∗𝑘∗𝑡 ) + 𝜖𝑖𝑗𝑘

(2 - 4)

𝑗∗≤𝑗 𝑡=1

𝑦𝑖𝑗𝑘

is the score for the 𝑖 𝑡ℎ student in the 𝑗 𝑡ℎ grade of the kth year of data collection for
𝑘≥1

𝜇𝑗𝑘

is the student specific mean for grade level j at year k with adjustments for home and
school factors affecting student learning

𝜏𝑖𝑗∗𝑘∗𝑡 is the teacher effect of the tth teacher on the ith student in grade j* in year k*
𝜖𝑖𝑗𝑘

is the residual error term for the 𝑖 𝑡ℎ student in the 𝑗 𝑡ℎ grade of the kth year of data
collection that represent the effects unique to student i due to chance that have not
been controlled

This model assumes the residual error terms (𝜖𝑖𝑗𝑘 ) are normally distributed and independent
across students. Within each student, the variance-covariance matrix of the errors is unrestricted
allowing for different variances at different time points (Daniel F McCaffrey et al., 2004). The
variance-covariance parameters are assumed constant across all students yet the LM model
allows for variances in teacher effects to vary across grades. As with the CM, teacher effects are
i.i.d. normal with a mean of zero. The outer most summation (far left summation) is a sum over
all the teachers of the ith student in a particular grade/year and the inner most summation (far
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right) accumulates teacher effects for current and previous years grade/year in the same subject.
While the LM assumes teachers have separate and independent effects for each subject (Daniel F
McCaffrey et al., 2004), this study will only investigate the LM as it estimates teacher effects
from student mathematics scores.
The layered model has been in use amongst educational stakeholders for multiple years
(i.e. Tennessee Value-Added Assessment System (TVASS) or SAS EVAAS). While these
models to measure teacher effects are statistically complex, LM has the ability to measure the
growth of high achieving students as well as the growth of low performing students (Wei,
Hembry, Murphy, & McBride, 2012; Wright et al., 2010). With three years of data, each student
in the model serves as his or her own control(Sanders & Horn, 1994) negating the need for
demographic variables (Weisberg et al., 2009) to serve as covariates; students’ demographics are
assumed to remain constant over time. Additionally, concern for student selection bias is reduced
as all data available for each student no matter how sparse or complete is used (Sanders, 2006).
Student Equipercentile Model
The Equipercentile Model (EM) is a normative quantification of growth in which current
student achievement is compared to prior achievement using historical growth from academic
peers with similar test score histories (Georgia Department of Education Teacher Keys
Evaluation System Facts Sheet; Johnson, L., 2009). This procedure examines “changes in
student achievement for individual students compared with other students”(Reform Support
Network, 2011).
Robbie is an elementary student who was administered the end-of-year test in
third and fourth grade and shown to have grown 80 points. It is expected that a
student would increase their end-of-year score after an additional year of
education. However, Robbie’s parents only knowing the absolute criterion that
Robbie gained 80 points on the exam between administrations are not informed as
to whether this is adequate growth. Rather they are interested in understanding the
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80 point increase as a normative criterion alongside the increases of similar
children. Understanding the increase relative to similar students will help them
understand how (ab)normal an increase of 80 points is.
The unit of measurement for the EM is the test score and equating is accomplished through
matching test score distributions (von Davier, 2011). Student growth percentiles are matched to
those of peers who have “walked the same achievement path”; how do current year scores
compare for student who, in the past, have had the same academic history. The model uses a
static distribution of academic peers (Betebenner, 2009) to describe the students growth relative
to what would be considered “normal” growth. A score on a new form is equivalent to a score on
the reference form for a particular group of students if students have the same percentile rank
within the group (Kolen & Brennan, 2004).
The EM uses the median growth percentile of a group of students for a given teacher to
summarize the impact the teacher had on student growth. EMs can compare median growth
percentiles across grades and subjects (Georgia Department of Education Teacher Keys
Evaluation System Facts Sheet) to tell how well one group of students is growing in comparison
(Colorado growth model FAQs) to another. When investigating teacher effectiveness using the
median growth percentile, it is useful to take the difference of the group’s median growth
percentile from 50, which would represent the “average” teacher. Teachers with median growth
percentiles above 50, assuming random distribution of students to teachers, on average are
experiencing greater growth than expected amid their students.
Since scores are converted to percentiles, vertically aligned assessments are not required
(Betebenner, 2009); the only requirement being the change in percentile rank of a single
construct is measured. Unlike the VAM models above that specify the contribution of the teacher
to a given group of students, the EM is a descriptive measure that makes no assertion about the
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cause of student growth (Betebenner, 2009; Reform Support Network, 2011); only that the
student did grow or decline.
The EM has several disadvantages as well. The model is readily susceptible to random
sampling error because estimation is involved at each value (Kolen & Brennan, 2004; Albano,
2011). Another drawback to the EM is the resources required for calculation. Although the EM
provides information that is intuitive to stakeholders, it lacks transparency and can be
computationally burdensome requiring extensive time and resources to produce results. If, for
instance, the distribution of scores on the new form does not match the distribution on the
reference form, a linear adjustment to the new form making the distributions equal does not exist
thus, there is no simple mathematical formula for the equipercentile equating adjustment
(Livingston, 2004). A summary of the advantages and disadvantages of all four models are
presented below in

35

Table 2-3.
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Table 2-3
Comparison among Value-Added Models
Value-Added
Model
Gains Score Model

Covariate Adjusted
Model

Advantages
Disadvantages
 Easy to compute/implement  Requires complete student
records
 Easy to understand

May have low reliability
 No large data requirement
 Vertical scale is required
 Relatively imprecise
 Does not control for
characteristics unrelated to
teacher effectiveness such as,
student back ground
characteristics or initial
achievement





Layered Model






Student
Equipercentile
Model





Relatively easy to
compute/implement
Relatively easy to
understand
Allows for student
background characteristics
and initial achievement
Does not require a
vertically scaled assessment
across grades
Allocates credit for student
gains to individual teachers
Does not require a
vertically scaled assessment
across grades
Relatively precise
estimation of teacher effect
Uses all available data in
calculations; incomplete
student records are used
Does not require a
vertically scaled assessment
across grades
Only two years of data
required
Provides intuitive
information to stakeholders
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Relatively imprecise with only
two years of data
Missing data may cause
problems
Requires complete student
records
Teachers compared against one
another rather than to a fixed
reference






Not easy to understand
Difficult to implement
Computationally burdensome
Multiple years of data required



The model is susceptible to
random sampling error
Computationally burdensome
Lacks transparency




Conclusion
There are strengths and weaknesses to each of the four models presented. The LM, unlike
the other models in the study requires a large amount of data; at least three years of data are
required to implement this model. Although this data requirement seems large, the use of a
minimum of three years of data mitigates the impact of errors of measurement and bias (Sanders,
2006) as well as the need to control for demographic variables. The LM can also use all available
scores, not only data for students with complete records, distributing credit to current and past
teachers separately for their impact on the student’s current score (Sanders, 2000). The CM, GM
and EM require complete data for each student if they are to be included in the model. Complete
records for students are especially important for the GM and the EM because only two
consecutive years of data on each student are used to compute the measure of teacher effect.
A practical advantage of the GM and the CM is that they can be fit using standard
hierarchical software and do not require the additional cost of specialized software (Daniel F
McCaffrey et al., 2004; RTT TA Network Working, 2011) whereas the EM and the LM are
computationally burdensome requiring the use of special software. In addition to the further costs
of specialized software a district would incur, the LM is complex and difficult to explain; the
model lacks the transparency and ease of interpretation of the other three models. Although the
EM also lacks transparency in calculations, it is intuitive to stakeholders.
When deciding to adopt a model for measuring teacher effects, districts must take into
consideration cost, ease of understanding, transparency of calculations, and data requirement in
addition to a model that captures the district goals. A district should choose to implement the
model that has been show to provide the best measures of teacher effects while still being
economically conservative. To this end, if two models are highly correlated in their teacher
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ratings, the more cost efficient model would be the better choice. This study will compare four
different models on the consistency of their ability to measure teacher effects. It would seem that
if the models produced the same results, choosing the more economical, less computationally
burdensome and more transparent would be most beneficial for districts to adopt.
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Chapter 3: Methods
This study was designed to investigate the differences in methods to assess teacher
effects across four models currently in use to measure teacher effects. The models under
investigation in the current study are Gain Score Model (GM), Covariate Adjusted Model (CM),
Layered Model (LM) and Student Equipercentile Model (EM).
Participants
Third, fourth and fifth grade mathematics scores across five regions in Arkansas were
used for this investigation. The 2014 fifth grade students were used to identify the cohort of
teachers for this investigation. The 2014 teachers were selected as fifth grade students have had a
chance to have been tested for three years on a vertically moderated measurement. Specifically,
the 2010 – 2014 augmented benchmark mathematics exam results for students in grades 3, 4, and
5 were employed. The CM and LM methods used all mathematics test scores from the
augmented benchmark exam from 2010 – 2014. The EM and GM only required one year of prior
data and utilized only the 2013 and 2014 scores.
Table 3-1 displays the total number of 2014 fifth grade students by race for the specified
regions. Due to small percentages (less than 2% by region), the race category of “Other”
combines Asian students, Hawaiian/Pacific Islander students, Native American students and
students of more than one race. These categories were combined as individually they represented
less than 2% of the regional population for at least one region under investigation in this study.
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Table 3-1
Number (Percentage) of Fifth Grade Student Race Demographics by Region, 2014
Region 1

Region 2

Region 3

Region 4

Region 5

State

African
American

446
(3.42%)

1,615
(21.75%)

3,652
(33.00%)

1,034
(28.96%)

898
(44.41%)

7,645
(20.60%)

Hispanic

2,493
(19.14%)

369
(4.97%)

812
(7.34%)

417
(11.68%)

124
(6.13%)

4,215
(11.36%)

Caucasian

9,118
(70.02%)

5,324
(71.69%)

6,283
(56.78%)

2,045
(57.28%)

971
(48.02%)

23,741
(63.98%)

Other

965
(7.41%)

118
(1.59%)

318
(2.87%)

74
(2.07%)

29
(1.43%)

1,504
(4.05%)

Total

13,022

7,426

11,065

3,570

2,022

37,105

Race
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Note: Not all fifth grade students were included in this study.
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A common indicator for the socioeconomic status of a region is the number of students
participating in the free/reduced lunch program.
Table 3-2 displays the number and percentage of fifth grade students participating in the
program for 2012-2014. Initially decreased for Regions 2, 4 and 5 between 2012 and 2013 then
increased from 2013 to 2014. Region had an increase from 2012 to 2013 followed by a decrease
from 2013 to 2014. Region 3 continually decreased in the percentage of students participating in
the free/reduced lunch program. No Region was consistent with the state as the state saw
incremental increases from 2012 to 2014.
Table 3-2
Number and Percentage of Fifth Grade Students Lunch Status by Region and State
2012
Region 1

Region 2

Region 3

Region 4

Region 5

2014

Free/Reduced
Lunch

7,688

(60.49%)

7,908

(61.79%)

7,959

(61.08%)

Paid Lunch

5,022

(39.51%)

4,891

(38.21%)

5,071

(38.92%)

Free/Reduced
Lunch

5,176

(69.66%)

5,006

(57.70%)

5,176

(69.68%)

Paid Lunch

2,254

(30.34%)

2,388

(32.30%)

2,252

(30.32%)

Free/Reduced
Lunch

6,385

(59.89%)

6,403

(59.79%)

6,562

(59.21%)

Paid Lunch

4,277

(40.11%)

4,306

(40.21%)

4,521

(40.79%)

Free/Reduced
Lunch

2,557

(70.67%)

2,469

(71.36%)

2,563

(71.77%)

Paid Lunch

1,061

(29.33%)

991

(28.64%)

1,008

(28.23%)

Free/Reduced
Lunch

1,572

(75.83%)

1,585

(75.51%)

1,562

(77.17%)

501

(24.17%)

514

(24.49%)

462

(22.83%)

Free/Reduced
Lunch

23,438

(63.97%)

23,414

(64.00%)

23,822

(64.15%)

Paid Lunch

13,202

36.03%

13,172

36.00%

13,314

35.85%

Paid Lunch
State

2013
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Data. Three years of mathematics scaled scores and demographic variables were
obtained for the fifth grade in 2012, 2013, and 2014 in each region from the State Educational
Agency (SEA). As in the school accountability calculation, only non-mobile students will be
retained in this study. The researcher linked students’ scale scores and demographic information
with their 2012, 2013, and 2014 math teachers. The numbers of non-mobile students tested in
each region for this study are presented in
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Table 3-3.
For the cohort of teachers in this study, student inclusion into the cohort year (20122014) was obtained as follows. Non-mobile fifth grade students from the given year were
selected. Of these fifth grade students, those who were able to be linked to one or more years of
prior data were retained. Students who could not be matched to any prior data were eliminated.
Prior student scores may or may not be linked back to students’ current district. The 2014 fifth
grade students were used to identify the cohort of fifth grade teachers who will be ranked by
their students’ achievement data via the models under investigation in this study.
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Table 3-3
Number of Students and Teachers in Each Cohort across Three Years
2014

2012

2013

2014

Teachers

Students

Students

Students

Region 1

128

5,193

5,140

5,446

Region 2

69

3,156

3,169

3,035

Region 3

84

3,186

3,056

3,302

Region 4

25

1,102

1,149

1,174

Region 5

12

563

573

528

Total
318
13,200
13,087
13,485
Note. Only district mobility was considered when excluding students from the investigation as it
is assumed that regardless of school mobility, students within the same district will have access
to similar resources.
Testing Instrument
In 1999, the SEA participating in this study implemented a mandatory state assessment
(The Benchmark Exam) for all students in grades 3 – 8 across the state. Since inception, the
exam has twice been redesigned. The exam was initially redesigned in 2005 to provide a
vertically moderated scale for assessing students’ mathematics progress between third and eighth
grades (ADE 2008). The exam was again redesigned in 2008 to provide both norm-referenced
and criterion-referenced items. The Criterion Referenced Test (CRT) items were created and the
Norm-Referenced Test (NRT) items were selected to represent the state curricular frameworks.
With the incorporation of the NRT items, the name of the exam was changed from the
Benchmark Examination to the Augmented Benchmark Examination (ABE). For the purposes of
this study, the test will be referred to as the ABE as it has been in its augmented form prior to the
test data used in this study.
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The mathematics examination consists of 40 common multiple-choice items five
common operational open-response items each distributed evenly across five strands, including
Number and Operations, Algebra, Geometry, Measurement, and Data Analysis and Probability.
Each multiple choice item is worth one point and each open-response item is graded on a fourpoint rubric scale. Two readers read each open-response item and their scores are summed
together giving eight possible points to each open-response item. There are a total of 80 raw
points available between the multiple-choice section and the open-response section. The
mathematics scoring blueprint for the ABE is summarized in Table 3-4.
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Table 3-4
Test Blueprints for Arkansas Grade 5 Benchmark Examinations from 2012-2014

MC

Item (Points)
OR1

Total

Number and Operations

9 (1)

1 (8)

10 (17)

Algebra

9 (1)

1 (8)

10 (17)

Geometry

8 (1)

1 (8)

9 (16)

Measurement

7 (1)

1 (8)

8 (15)

Data Analysis and Probability

7 (1)

1 (8)

8 (15)

Number and Operations

9 (1)

1 (8)

10 (17)

Algebra

9 (1)

1 (8)

10 (17)

Geometry

8 (1)

1 (8)

9 (16)

Measurement

7 (1)

1 (8)

8 (15)

Data Analysis and Probability

7 (1)

1 (8)

8 (15)

Number and Operations

9 (1)

1 (8)

10 (17)

Algebra

9 (1)

1 (8)

10 (17)

Geometry

8 (1)

1 (8)

9 (16)

Measurement

7 (1)

1 (8)

8 (15)

Data Analysis and Probability

7 (1)

1 (8)

8 (15)

Total Mathematics Benchmark

40 (1)

5 (8)

45 (80)

Year
2012

2013

2014

Strand

Note: MC = Multiple Choice. OR = Open Response. All Mathematics Open-Response items:
Scores on a scale of 4 points per item by independent evaluators with each item evaluated by two
persons.
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In order to make meaningful comparisons across test forms and administrations, raw
scores must be converted to scale scores. The scale score places the raw score on a common
scale to that allows for valid comparisons. The Arkansas Augmented Benchmark Exams were
scaled using the Rasch Measurement Model in which the raw scores were converted to scaled
scores through a linear transformation.
Procedures
All five regions across the state were identified for selection in this study. The regions
ranged in population of fifth grade students from 5446 tested students in Region 1 to 528 tested
students in Region 5 for the 2014 school year. Desiring different demographical representation
under which to test the four models, race and percent of free/reduced lunch participants are also
included to help identify the regions under study. The percentage of free/reduced lunch
participants and the percentage of students by race were reported above in Tables 3-1 and 3-2.
Another identifying characteristic is the number of 2014 fifth grade teachers for whom data was
available.
The focus of this study is to compare results of four different statistical models on:
1) their abilities to provide consistent measures of teacher effectiveness across the four models.
2) the ability for each model to provide consistent measures across time and
3) the ability for each model to provide consistent measures for similar teachers regardless of
student background characteristics.
To accomplish this, scaled scores will be matched, where applicable, for the 2014 fifth
grade cohort of students under investigation for the 2012, 2013 and 2014 school years. This
study limited the data to include only student mathematical scaled scores across the years for
students following the normal school progression; 2014 fifth grade students who were retained or
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advanced a grade during 2012-2014 were not included. Mathematics scores were chosen as they
are more stable across the years than the literacy scores (Kane & Staiger, 2012). Although
teacher effects have been found to differ across the different dimensions of mathematics
(Lockwood et al., 2007), this state’s benchmark test measures mathematics on a single metric
whereas the literacy scaled score is attained through combining the measures of two separate
curricular areas (reading and writing). In line with RTTT accountability where schools were not
accountable for any subpopulations that had fewer than 25 students, teachers who did not have at
least 20 students during the 2012, 2013 and 2014 school years were eliminated from this study.
Validity
The validity of an instrument refers to the degree of the ability of the measure to
accurately measure what is attempting; are an examiner’s inferences of the students’ knowledge
of the constructs being measured defensible? According to the Standards for Educational and
Psychological Testing (AERA, APA, and NCME, 1999), validity is the most important attribute
of a test in its evaluation. In the case of the Benchmark exam, the fifth grade mathematics
benchmark exam intends to measure student performance in relation to the state frameworks for
fifth grade.
Test validation requires the accumulation of evidence to support the test adequately
represents each domain or construct purported to be measured. Despite the incorporation of
different pieces of evidence to measure validity, validity is a unitary concept. Validity refers to
the degree the evidence supports inferences that are derived from test scores. It is the inferences
that are validated, not the exam itself.
The primary evidence of validity for the Benchmark exam is the content being measured.
The Benchmark Exam Technical reports 2012-2014 provide two sources from which the exam is
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determined to be valid. The evidence includes Content-Related Evidence and Evidence of
Internal Structure.
Content-related evidence. Content validity refers to the extent the items on the test are
adequately representing the constructs of interest; it is a justification for inferring examinees’ test
scores to a larger domain of similar items. The Benchmark Exam was determined to have content
validity through item validity, face validity, curricular validity and lack of content bias through a
content review committee composed of teachers, contents specialists, assessment specialists and
staff from the SEA. Multiple-choice items and constructed response items were developed by
content specialists and item writers at Pearson following item specifications and the blueprints
provided in Table 3-4.
After items were developed, the review committee examined the test items to ensure they
were aligned with state standards (curricular validity), to ensure significance and suitability of
subject content (face validity) and to flag any question that had potential gender or ethnicity bias.
When items are determined to be representative of the content defined in the frameworks without
the presence of bias, the scores of the items are determined to provide evidence to support
inferences made regarding content knowledge, thus providing content validity.
Evidence of internal structure. The relationship, particularly correlation, between the
items on the test can be defined as the internal structure of the exam. When using the internal
structure as evidence of validity, the test developers need ensure each item in the test contributes
positively to the total result; the test needs items that are related to the criterion, but that are not
all measuring the same skill.
Table 3-5--
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Table 3-7 provide the correlation of Mathematics strands for grade 3 in 2012, grade 4 in
2013 and grade 5 in 2014 and serves as evidence of validity via internal structure. These are the
correlations of the Mathematics strands for the fifth grade cohort of students across the three
years under investigation. No information regarding presence or absence of multicollinearity
among the strands was provided in the technical manual.
Table 3-5
Correlation of Mathematics Strands for Grade 3, 2012.
Number and
Strand
Operations
Algebra
Geometry
Number and
1.00
0.58
0.53
Operations
1.00
0.53
Algebra
Geometry

1.00

Measurement

Measurement
0.59

Data
Analysis
0.50

0.61

0.48

0.54

0.50

1.00

0.50
1.00

Data Analysis

Table 3-6
Correlation of Mathematics Strands for Grade 4, 2013
Number and
Strand
Operations
Algebra
Geometry
Number and
1.00
0.59
0.51
Operations
1.00
0.51
Algebra
Geometry

1.00

51

Measurement
0.59

Data
Analysis
0.55

0.58

0.55

0.52

0.47

1.00

Measurement

0.54
1.00

Data Analysis

Table 3-7
Correlation of Mathematics Strands for Grade 5, 2014
Number and
Strand
Operations
Algebra
Geometry
Number and
1.00
0.59
0.49
Operations
1.00
0.54
Algebra
Geometry

1.00

Measurement

Measurement
0.57

Data
Analysis
0.53

0.62

0.60

0.53

0.51

1.00

0.58
1.00

Data Analysis
Reliability

The reliability of an instrument refers to the overall consistency of a measure; the degree
to which scores for a student remain consistent. Particularly underlying reliability is the
consistency of scores over multiple administrations and/or with different raters. Reliability does
not imply validity, but a test cannot be valid without reliability.
Internal consistency. The internal consistency of a test is typically a measure of the
stability of scores from one sample of content to another. The Stratified Alpha method was
decided by the SEA to be the most appropriate measure of internal consistency. This method was
preferred over the popular Cronbach’s Alpha method as the Benchmark exam is a multi-format
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instrument that contains multiple-choice items as well as constructed response items for which
Cronbach’s Alpha is inappropriate. The Stratified Alpha method estimates reliability for each
item type (multiple-choice and constructed response) separately and then combines the
reliabilities to yield an overall reliability measure. Estimating the reliabilities for each item type
separately first allows for the variance conditioned on item type to be weighted properly. The test
reliabilities for the fifth grade cohort from 2012-2014 were 0.88, 0.87 and 0.87, respectively,
indicating good reliability.
Standard Error of Measurement (SEM). The SEM is a second index of reliability that
provides an estimate in the amount of error in an individual’s observed test score; it can be
thought of as the standard deviation of an individual’s observed scores from their true score. The
SEM is estimated using the reliability of a measure and the standard deviation of a set of test
scores. The smaller the SEM the greater accuracy the observed score represents the true score.
The 2012-2014 technical manuals present the Conditional Standard Error of Measurement
(CSEM). For the CSEM, the standard error at each score point is calculated using item response
theory and the item information function.
The Models
Gain Score Model (GM)
This simple VAM models students’ year-to-year change in achievement by linking a
student’s current test score to the prior year’s test score in one content area and calculating the
difference. This difference (student gains) represents the change in student achievement while in
a particular teacher’s classroom. This model attempts to answer “What effect has the current
teacher had on students’ change in scores from pretest to posttest?”
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Gains are calculated for each student of a given teacher in a given year. Gains for a
particular teacher are averaged. For the gain-score model, the teacher–effect is the difference of a
teacher’s average gain score and the average of all teachers in the comparison group. The
comparison group for the purpose of this study consists of the regional average calculated as the
mean of all fifth grade gains in the region. Teachers with the largest average year-to-year gain
(i.e., students showing the biggest gain in achievement) are thought to be the best teachers.
To apply this model, difference scores were calculated for fifth grade students across the
state. The difference score was the prior year student mathematics scaled score subtracted from
the subsequent year’s student mathematics scaled score. See Equation 3 - 1 for the calculation of
the difference between two successive scores 𝑦𝑖𝑡 and 𝑦𝑖𝑡−1 , for the 𝑖 𝑡ℎ student in the 𝑡𝑡ℎ year
where 𝑡 ≥ 1. If a student did not have a prior year score, the student was deleted from this
model.
𝑑𝑖𝑡 = 𝑦𝑖𝑡 − 𝑦𝑖𝑡−1

(3 - 1)

Difference scores were averaged for each teacher where 𝑥̅𝑡 is the teacher average of the
difference scores, 𝑑𝑖𝑡 , for n students,
𝑥̅𝑡 =

∑𝑛𝑖=1 𝑑𝑖𝑡
𝑛

(3 - 2)

and averaged for each region where 𝜇𝑖𝑡 , is the average of the difference scores, 𝑑𝑖𝑡 , for 𝑛𝑡 total
fifth grade students in the region across all fifth grade teachers.
𝑡
∑𝑛𝑖=1
𝑑𝑖𝑡
𝜇𝑖𝑡 =
𝑛𝑡
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(3 - 3)

The teacher effect 𝑇𝑡 was calculated as the difference between the teacher average and the
average for all fifth grade students in the region.
𝑇𝑡 = 𝑥̅𝑡 − 𝜇𝑖𝑡

(3 - 4)

Teachers were ranked within each region by 𝑇𝑡 where a rank of 1 indicated the best fifth grade
teacher in the respective region.
Covariate Adjusted Model (CM)
The CM is one of the most common empirical approaches to estimating teacher effects
currently in the literature (Rowan et al., 2002). The CM is very similar to the GM in that it
calculates change over a single period. But unlike the GM, the CM takes into account student
prior achievement and background characteristics as covariates (Goldschmidt, Choi, &
Beaudoin, 2012; Rowan et al., 2002). The CM seeks to answer whether or not there were
differences in students’ scores after a year of instruction with a given teacher taking into
consideration prior test scores and certain demographic characteristics; what effect has the
current teacher had on the posttest that is not predictable from the pretest or any demographic
characteristics of concern? The statistical test will be more powerful after adjusting for
covariates believed to be related to current year’s scores (prior test scores, ELL, FRLP, disability
status)1. This model allows researchers to increase precision of the teacher effects by partitioning
out the effects covariates have on students’ scores resulting in smaller unexplained error
variance.
To apply this model, latter scores were predicted from the prior year’s score controlling
for three demographic characteristics using the regression equation presented in Equation 6. The

1

Although inclusion of covariates may cause issues in regards to expectations of all students as
mentioned earlier, they are included in this model as the purpose of this investigation is to use
models already in place and the current CM models utilizes these covariates.
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demographic characteristics included are a student’s: socioeconomic status as measured by a
student’s participation in the free and reduced lunch program (FRLP), ELL status as measured
by a student’s participation in the English Language Learners (ELL) program for students whose
native language is not English, and disability status as indicated by the SEA. Typically students
with disabilities are students who are enrolled at least partially, in a special education class.
𝑦𝑖𝑡 = 𝜇𝑖𝑡 + 𝛽1 𝑦𝑖,𝑡−1 + 𝑇𝑡 + 𝜀𝑖

(3 - 5)

Where 𝑦𝑖𝑡 would be the student’s current year score, 𝑦𝑖,𝑡−1 would be their prior year’s score, 𝛽1
is a vector of population regression coefficients that parameterize the effects of the included
covariates and is directly related to the correlation between the two scores and 𝜀𝑖 is the residual
score for the ith student. Safely assuming that a student’s prior year’s score would be positively
correlated with current year’s score, incorporating students’ prior year scores would make the
model more sensitive to true teacher effects. In this model
A primary impact of inclusion of the covariate into the model is the reduction in the
amount of variability within-group dependent on the strength of the relationship between 2014
test scores and the covariate. This reduction in unexplained variance results in an increase in
power and subsequently, in an increase in precision of estimating teacher effects (Maxwell &
Delaney, 2004).
In this model with prior years scores included as covariates, prediction scores are made
for each individual within a group rather than the same prediction for everyone in the group.
Consider the Figure 3-1b where the model had the same prediction for each individual in a group
compared to Figure 3-1a where the model used the students’ prior year test scores as covariates.
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The residual terms (unexplained variance), as represented by the vertical lines from the observed
scores to the predicted scores, are much smaller when prior year’s scores are included.

Figure 3-1. Comparison of errors with and without inclusion of covariates
Estimating teacher effects. For the purpose of this study, CM needs to produce a
measure of teacher effect so that I can compare teachers’ abilities to grow students taking into
consideration prior test scores, socioeconomic background (FRLP), ability to communicate in
English (ELL status), and disability status (SPED). Prediction scores will be calculated for each
of the eight possible combinations between FRLP, ELL and SPED one of which each student
will be included. I will designate the prediction estimates 𝜇̂ and 𝛽̂ creating the prediction
equation for the full model as
𝑦̂𝑖𝑗𝑘𝑙𝑡 = 𝜇̂ 𝑖𝑗𝑘𝑙𝑡 + 𝛽̂𝑖𝑗𝑘𝑙 𝑦𝑖𝑗𝑘𝑙,𝑡−1 + 𝜀̂𝑖

(3 - 6)

Where i is the predicted score for a given individual student in a given year, j is participation in
FRLP, k is participation in ELL, l is participation in SPED and 𝜀̂𝑖 is the residual score for the ith
student.
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Adjusted means of the dependent variable for each level of the respective independent
variables will be found. Each adjusted mean is calculated to account for the influences of the
included covariates. The variation among the dependent scores that is not accounted for by the
regression of Y on X is represented in the sum of squares (Kirk, 1995). This sum of squared

 
n

residuals is represented as

p

i 1 j 1

Yij  Yˆij



2





where Yij  Yˆij is the deviation of the ijth score from

the predicted score. Since we are interested in estimating teacher effects, we are interested in the
sum of squares between groups (i.e., how the teachers perform differently from one another via
the students in their given classes). The parameters 𝛽0 , 𝛽1 , … , 𝛽𝑗−1 will be estimated so that the
sum of the squared errors is minimized:
𝑁

∑ 𝜀̂𝑖2
𝑖=1

𝑁

= ∑(𝑌𝑖 − 𝑌̂𝑖 )

2

(3 - 7)

𝑖=1
𝑁

= ∑[𝑌𝑖 − (𝛽̂0 + 𝛽̂1 𝑋𝑖1 + 𝛽̂2 𝑋𝑖2 + ⋯ + 𝛽̂𝑗−1 𝑋𝑖,𝑗−1 )]
𝑖=1

This equation can be represented in matrix notation as
𝜀̂ ′ 𝜀̂ = (𝑦 − 𝑦̂)′(𝑦 − 𝑦̂)

(3 - 8)

= (𝑦 − 𝑋𝛽̂ )′(𝑦 − 𝑋𝛽̂ )

Utilizing matrix algebra, the following steps can be used to obtain the vector of 𝛽̂ parameter
estimates. Transpose the first matrix.
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ˆ ' ˆ  y ' X ' ˆ ' y  X ˆ



(3 - 9)

Multiply out the right hand side to get

ˆ ' ˆ  y ' y  y ' X ˆ  ˆ ' X ' y  ˆ ' X ' X ˆ

(3 - 10)

Take the derivative with respect to ˆ to minimize the sum of squared errors, set equal to zero
and reduce.

 yX -  X y   2ˆ  X X  0

(3 - 11)

- yX - yX  2ˆ  X X  0
- 2 yX  2ˆ  X X  0
2ˆ  X X  2 yX

Divide both sides by 2 and transpose each side of the equation to solve for ˆ instead of ˆ ' .

 ˆ ' X ' X  '   y ' X  '

(3 - 12)

X ' X ˆ  X ' y

Solve for ˆ following the rules of matrix algebra.

X ' X 

Since  X ' X 

1

1

 X ' X ˆ    X ' X 

X ' X   I ,
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1

 X ' y

(3 - 13)

ˆ   X ' X 

1

 X ' y

(3 - 14)

After calculating the vector of ˆ parameter estimates, adjusted y scores will be calculated for
each student to a common X dependent on group membership in the included covariates.
Yadj  Y  ˆ  X  X  where Yadj is the expected score for this student in a given year if students

were similar across all covariates.

Residual scores will be calculated for each student with

ˆi  Yi  Yadj

(3 - 15)

Teacher effects will be calculated as the average difference students have between their
actual scores and their predicted scores for a given year (Wei et al., 2012). The overall teacher
effect will be 𝑇𝑡 =

∑𝑁
̂𝑖
𝑖𝑡=1 𝜀
𝑁

where 𝜀̂𝑖 is the difference between predicted score 𝑌̂𝑖 , and true 2014

score for each student belonging to teacher t. The overall teacher effect will be used to rank
teachers on measures of teacher effects. Teachers will be ranked within each region by 𝑇𝑡 where
a rank of 1 indicates the best fifth grade teacher in the respective district.
Layered Model (LM)
The LM is one of the more complex models used in the literature today for measuring
effects of teachers. Unlike the CM, inclusion of covariates into LM are optional (Teacher and
Leader effectiveness, (RTT TA Network Working, 2011)) . With three years of data, each
student in the model serves as his or her own control (Sanders & Horn, 1994) negating the need
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for demographic variables (Weisberg et al., 2009) to serve as covariates; students’ demographics
are assumed to remain constant over time. To this end, different expectations are also not created
to account for inclusion in certain subpopulations (Sanders, 2000).
The LM links the impact of previous years’ teachers to latter years teachers (Daniel F
McCaffrey et al., 2004; Sanders, 2006). The effects are thought to “layer” on top of one another.
By linking current data to previous teachers, another layer of protection is afforded teachers
against misclassification (Sanders, 2000). In the LM, credit for student attainment will
appropriately be assigned to a teacher as current scores effect the estimates of current and
previous teachers (Sanders, 2000). The LM for a latter year can also make an adjustment for
prior teacher estimates that corrects for bias produced by a stimulation unrelated to the teacher
that affected all of that particular teacher’s students the prior year (Wright & Sanders, n.d.).
While the LM has the ability to simultaneously model scores for multiple subjects
through multiple years (RTT TA Network Working, 2011), this study will be limited to modeling
math scores through multiple years. The LM will measure teacher effects strictly as random
effects with the inclusion of all teachers a priori considered “average” (a teacher effect of zero)
until enough information is collected to prove otherwise (Sanders & Horn, 1994; Wright et al.,
2010). These estimations of teacher effects are interpreted as a gain expressed as a deviation
from the average gain of the district/school as a whole (Wright et al., 2010).
Estimating teacher effects. The layered model used in this study, adapted from the SAS
EVAAS Layered Teacher MRM (Wright et al., 2010) for a single subject where 100 percent of
the student’s instructional time is claimed by the teacher is as follows:
𝑇𝑖𝑗∗𝑘∗

𝑦𝑖𝑗𝑘 = 𝜇𝑗𝑘 + (∑ ∑ 𝜏𝑖𝑗∗𝑘∗𝑡 ) + 𝜖𝑖𝑗𝑘
𝑗∗≤𝑗 𝑡=1

61

(3 - 16)

Where 𝑦𝑖𝑗𝑘 is the test score for the ith student in the jth grade in the kth year. 𝜏𝑖𝑗∗𝑘∗𝑡 is the teacher
effect of the tth teacher on the ith student in the jth grade in the kth year. As a special case of the
linear mixed model, the general form of the equation written in matrix notation is
𝑦 = 𝑋𝛽 + 𝑍𝜐 + 𝜀

(3 - 17)

Where y is the 𝑚 × 1 observation vector containing scale scores for individual students across
multiple years, X is an 𝑚 × 𝑝 incidence matrix that allows for the inclusion of any fixed effects
(the year for each score), β is the unknown 𝑝 × 1 vector of fixed effects to be estimated from the
data (an overall mean score for each year), Z is a known 𝑚 × 𝑞 incidence matrix that allows for
the inclusion of any random effects (the teacher(s) associated with each score), ν is a nonobservable 𝑞 × 1 vector of random effects whose realized values are to be estimated from the
data (the teacher effect on each student) and ε is a non-observable 𝑚 × 1 random vector variable
representing unaccountable random variation (i.e., deviations from the teacher level means).

Both ν and ε have means of zero with a joint variance given by
𝜐
𝐺
Var [ ] = [
𝜀
0

0
]
𝑅

(3 - 18)

where G is the 𝑞 × 𝑞 variance-covariance matrix that reflects the correlation among the random
effects (the teacher variance components). Since each teacher effect is believed to be
independent from the effects of any other teacher, we assume G to be a diagonal matrix. R is the
𝑚 × 𝑚 variance-covariance matrix that reflects the correlation among the student score residuals
to the specific model being fitted to the data. Students are assumed to be independent; however,
residuals from multiple assessments belonging to individual student are not. Therefore, the R
matrix has a block diagonal with a block for each student where it is assumed that every
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student’s block of R is the same (analogous to the assumption of equal variances). Additionally,
we will assume the diagonal elements of R all have the same value of 𝜎 2 . If (𝜐, 𝜀) are normally
distributed, the joint density of (𝑦, 𝜐) is maximized for variations in β and ν by the solutions to
the following equations know as Henderson’s mixed model equations (Sanders, et al., 1997).
−1

[𝑋′𝑅−1 𝑋
𝑍′𝑅 𝑋

−1
𝑋′𝑅 −1 𝑍 ] [b] = [𝑋′𝑅 𝑦]
𝑍 ′ 𝑅 −1 𝑍 + 𝐺 −1 u
𝑍′𝑅 −1 𝑦

(3 - 19)

Let a generalized inverse of the above coefficient matrix be donated by
−1

[𝑋′𝑅−1 𝑋
𝑍′𝑅 𝑋

𝑋′𝑅 −1 𝑍 ] [𝐶11
𝑍 ′ 𝑅 −1 𝑍 + 𝐺 −1 𝐶21

𝐶12
]=𝐶
𝐶22

(3 - 20)

where the X matrix contains a column for each grade /year and the b vector contains estimated
region mean scores for each grade/year. The Z matrix contains a column for each
grade/year/teacher and the u vector contains an estimated teacher effect for each
student/grade/year/teacher (Wright et al., 2010).
If G and R are known, then some of the properties of these equations are:
1. 𝑲′ 𝒃 is the best linear unbiased estimator (BLUE) of the set of estimable linear functions,
𝑲′ 𝜷, of the fixed effects. The fixed effects are estimated by generalized least squares
using
𝑏 = (𝑋 ′ 𝑉 −1 𝑋)−1𝑋 ′ 𝑉 −1 𝑦 = 𝑄1 𝑦

(3 - 21)

Where the values of y are the test scores and the elements Q1 are the shrinkage values,
rescaled to sum to one of Q1 and are useful in understanding b. u is the best linear
unbiased predictor (BLUP) of ν
a. 𝑬(𝝂|u) = u
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b. Var(u − 𝝂) = C𝟐𝟐
c. u is unique regardless of the rank of the coefficient matrix.
The random effects (ν) are estimated using
u = (𝑍 ′ 𝑅 −1 𝑍 + 𝐺 −1 )−1 𝑍 ′ 𝑅 −1 (𝑦 − 𝑋𝑏) = 𝐺𝑍 ′ 𝑉 −1 𝑟 = 𝑄2 𝑟

(3 22)

where 𝐫 = 𝑦 − 𝑋𝑏, and the values of r are the deviation scores and the elements of
Q2 contain the weights by which the deviation scores are multiplied to obtain the
estimated teacher effects (u) and are thus useful in interpreting u.
2. a. 𝑲′ b + 𝑴′ u is the BLUP of 𝑲′ 𝜷 + 𝑴′ 𝝂 provided 𝑲′ 𝜷 is estimable.
b. Var(𝐾 ′ (b − 𝛽) + 𝑀′ (u − 𝜈)) = Var(𝐾 ′ b + 𝑀′ u − 𝐾 ′ 𝛽 − 𝑀′ 𝜈) = (𝐾 ′ 𝑀′ )𝐶(𝐾 ′ 𝑀′ )′
3. With G and R known then solution is equivalent to the generalized least squares solution
and if ν and ε are multivariate normal, then the solution is the maximum likelihood
solution.
4. If G and R are not known, then as the estimated G and R approach the true G and R, the
solution approaches the maximum likelihood solution.
5. If ν and ε are not multivariate normal, then the solution to the mixed model equations still
provides the maximum correlation between if ν and u.

When all the pieces are combined, the elements of 𝑋𝛽 + 𝑍𝜐 are the individual teacher level
effects on each student compared to the region mean scores (i.e., how far did each teacher effect
deviate from the regional mean as a whole?) while controlling for prior teacher effects where
applicable. A teacher’s overall effect is the average of the effects he/she had on each student at
the school level.
Student Equipercentile Model (EM)
The median growth percentile was found by ordering the percentiles of all students for a
given teacher from least to greatest and identifying the middle score. This middle score, the
median, summarizes student growth rates by teacher. Medians are more appropriate to report
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than means when summarizing percentiles (Kolen & Brennan, 2004). Teachers who were
responsible for less than 20 students were not included in this model. When there are fewer than
20 students, a single number does not adequately characterize the teacher (Kolen & Brennan,
2004).
According to Wright, 2010, “In the SGPM [Student Growth Percentile Model],
nonlinearity is incorporated by modeling each prior test score using a smooth curve (A cubic Bspline with 4 knots)” (p. 3). Separate regression equations are used to estimate each regression
quintile. The EM has 99 quintiles corresponding to the percentiles 1 to 99 (Wright, 2010). A
student’s growth percentile rank is found by fitting their actual scores to the fitted values of each
of the 99 regressions.
The EM uses a curve to identify the differences between test forms thus resulting in an
equating method that is more generalizable than simple linear equating. The criterion for fitting
data to the EM minimizes absolute errors rather than squared errors providing a robustness
against outliers in the response variable (Guo, Zhou, Huang, & Härdle Wolfgang K., 2013;
Koenker & Bassett, 1978; Wright, 2010).
Students are first given a growth percentile rank describing their position among peers
with similar academic histories. A student’s percentile rank identifies the student’s growth
relative to those in the group. For example, if a student’s growth percentile score was 82% this
means the student grew more than 82% of their peers with the same prior years score. So the
student whose scores exceed most of their academic peers, the student has, in a normative sense,
done well. Conversely, a student who scores below most of their academic peers, in a normative
sense, has not done well.
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Kolen and Brennan (2004) follow a traditional approach to equipercentile equating where
observed test scores are integer scores ranging from zero to the number of total test items. This
traditional approach defines percentile ranks using the discrete density function, f(x), for X = x
where X is a random variable with an integer value 0, 1, 2, …KX, representing a test score on
Form X. That is,
f (x) ≥ 0 for integer scores x = 0, 1, 2, …KX;

(3 - 23)

f (x) = 0 otherwise; and
∑ 𝑓(𝑥) = 1.

The percentile rank function for test Form X is:
𝑃(𝑥) = 100{𝐹(𝑥 ∗ − 1) + [𝑥 − (𝑥 ∗ − .5)][𝐹(𝑥 ∗ − 𝐹(𝑥 ∗ − 1)]},

(3 - 24)

−.5 ≤ 𝑥 < 𝐾𝑋 + .5,

= 0,
= 100,

x < -.5,
𝑥 > 𝐾𝑋 + .5,

Where 𝑥 ∗ is the integer closest to x such that 𝑥 ∗ − .5 ≤ 𝑥 < 𝑥 ∗ + .5 and F(x) is the is the discrete
cumulative distribution function such that
0 ≤ 𝐹(𝑥) ≤ 1 for 𝑥 = 0,1, … , 𝐾𝑋
(3 - 25)
𝐹(𝑥) = 0 for 𝑥 < 0; and
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𝐹(𝑥) = 1 for 𝑥 > 𝐾𝑋

Kolen and Brennan (2004) define the discrete cumulative distribution function, F(x) as the
“proportion of examinees in the population earning a score at or below x”.
The inverse of the percentile function is denoted P-1 and is used to find a score associated
with a corresponding percentile rank. For a given percentile rank P*, the percentile is:
𝑃∗
− 𝐹(𝑥𝑈∗ − 1)
100
−1 [𝑃∗ ]
𝑥𝑈 = 𝑃
=
+ (𝑥𝑈∗ − .5), 0 ≤ 𝑃 ∗ < 100,
𝐹(𝑥𝑈∗ ) − 𝐹(𝑥𝑈∗ − 1)

(3 - 26)

𝑃∗ = 100

= 𝐾𝑋 + .5,

where 𝑥𝑈∗ is the smallest integer score with a cumulative percent [100 F(x)] that is greater than
P*. This equation assumes that all f(x) are nonzero over the integer score range 0, 1, 2, …KX. If
some of the f(x) are zero (i.e., when no student in the sample earns a certain score), then an
alternate form of the percentile equation is calculated
𝑃∗
− 𝐹(𝑥𝐿∗ )
100
−1 [𝑃∗ ]
𝑥𝐿 = 𝑃
=
+ (𝑥𝐿∗ + .5), 0 < 𝑃∗ ≤ 100,
𝐹(𝑥𝐿∗ + 1) − 𝐹(𝑥𝐿∗ )

(3 - 27)

𝑃∗ = 0

= −.5,

where 𝑥𝐿∗ is the largest integer score with a cumulative percent [100F(x)] that is less than P*, and
𝑥=

(𝑥𝑈 +𝑥𝐿 )
2

is used.

To find the score on Form Y that has the same percentile rank as the score on Form X
(i.e., the score y of Form Y that is the equipercentile equivalent of score x on Form X) use the
equation
𝑒𝑌 (𝑥) = 𝑦 = 𝑄 −1 [𝑃(𝑥)],

−.5 ≤ 𝑥 < 𝐾𝑋 + .5
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(3 - 28)

where Q-1 is the inverse of the percentile rank function on Form Y.
Find 𝑒𝑌 (𝑥), using the analog of Equation 3-25 for the distribution of Form Y where KY
refers to the numbers of items on Form Y, g(y) is the discrete density function, and G(y) is the
discrete cumulative distribution. Q(y) represents the percentile rank of y and Q-1 the inverse
percentile rank function of Form Y. To find 𝑒𝑌 (𝑥), use
𝑒𝑌 (𝑥) = 𝑄 −1 [𝑃(𝑥)]

(3 - 29)

𝑃(𝑥)
− 𝐺(𝑦𝑈∗ − 1)
100
=
+ (𝑦𝑈∗ − .5),
∗)
∗
𝐺(𝑦𝑈 − 𝐺(𝑦𝑈 − 1)
= 𝐾𝑌 + .5,

0 ≤ 𝑃(𝑥) < 100,
𝑃(𝑥) = 100

Note: if there exist scores on Form Y with zero probabilities, it is necessary to
calculate 𝑦𝐿∗ as described for 𝑥𝐿∗ above and 𝑦 =

(𝑦𝑈 +𝑦𝐿 )
2

is used.

The academic growth or loss for a student is determined by subtracting the score the
student would have earned on the second measure had he scored at the same percentile rank as
the first measure from the actual score earned on the second measure. This score on the second
measure that is consistent in percentile rank as the first measure is where the student would have
scored on the second measure had no growth or decay occurred.
To reduce irregularities in score distributions or the equating function, and give the
smoothness property characteristic to the population to the equipercentile relationship (Kolen &
Brennan, 2004) smoothing procedures are used. Smoothing can be done pre or post application
of the equating function. Pre-smoothing is used to remove noise (von Davier, 2011) and smooth
the sampling distribution (Kolen & Brennan, 2004) of each administration prior to equating the
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two assessments. The post-smoothing technique smooths the equipercentile equivalents (Kolen
& Brennan, 2004) and reduces irregularities in the equating function (Albano, 2011). When the
sample sizes are below 20,000 (von Davier, 2011), it is customary to use pre-smoothing. While
smoothing attempts to remove the random variability associated with sampling error, it does
introduce some systematic error. It is hoped that the decrease in random error exceeds the
increase in systematic error. For a further discussion on smoothing techniques see Kolen &
Brennan, 2004.
Addressing Research Questions
Each of the four models discussed in this section will produce teacher estimates that will
be used to answer the research questions that drive this study. Spearman’s (rho) correlation
coefficient along with Kendall’s coefficient of concordance (W)2, used to measure agreement
among rankings (described below), will be calculated to address each of the research questions.
The first research question will be addressed with Spearman’s (rho) correlation coefficient along
with Kendall’s W calculated to determine if the models in this study rank teachers consistently
within region. To answer the second research question, teacher effect rankings will be correlated
across each model to determine if the models provide similar teacher ranks across years within
regions. And finally, teachers will be ranked within subpopulations within each region and
Spearman’s (rho) correlation coefficient along with Kendall’s W will be used to compare teacher
effect rankings across the different models to investigate if the models operate differently for
different subpopulations.

Spearman’s (rho) correlation coefficient is reported for ease of understanding the strength of
agreement while Kendall’s W provides readers a more direct interpretation of observing the
concordant and discordant pairs.
2
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Kendall’s coefficient of concordance. Kendall’s coefficient of concordance addresses
the null hypothesis that there is no overall agreement in rankings among the different models
when the models are all meant to estimate the same general property (Legendre, 2010). This is a
non-parametric statistic that uses the same chi-square statistic that the Friedman’s test uses, with
only slight variation in the null hypothesis (Legendre, 2010).Where the null hypothesis to
Friedman’s test assumes the sum of ranks across the variables should be equal assuming the
variables were assigned random ranks, Kendall’s coefficient of concordance expands the
Friedman null hypothesis to say that if the Friedman’s null hypothesis is true, the m variables
will have received rankings of objects that are independent of one another (Legendre, 2010).
Legendre (2010) details the calculations of Kendall’s coefficient of concordance.
Kendall’s W estimates the variance of row sums across the ranks, Ri, divided by the maximum
possible variance that occurs when rankings are in total agreement. S is calculated first from the
row-marginal sums of ranks Ri received by the estimation methods
𝑛

𝑆 = ∑(𝑅𝑖 − 𝑅̅ )2

(3 - 30)

𝑖=1

where S is the sum-of-squares statistic over the row sums of ranks Ri and 𝑅̅ is the mean of the Ri
values.
Following the calculation of S, the equation to calculate W is
𝑊=

𝑚2 (𝑛3

12𝑆
− 𝑛) − 𝑚𝑇

(3 - 31)

where n is the number of objects (teachers) and m is the number of variables (estimation
methods). Equation 3-32 shows the correction factor for tied ranks, T, and is needed to calculate
W. Calculate T as:
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𝑔

𝑇=

∑(𝑡𝑘3
𝑘=1

(3 - 32)
− 𝑡𝑘 )

where 𝑡𝑘 is the number of tied ranks in each (k) of g groups of ties (Legendre, 2010).
Although Kendall’s W can be tested for significance using the chi square test, Siegel and
Castellan (1988) cautions its use when n ≤ 7 and m ≤ 20. The chi-square statistic was shown to
be too conservative for any sample size when m ≤ 20 (Legendre, 2010) and rather the use of the
F statistic in place of the chi-square statistic was suggested as the F statistic was shown to have
correct Type I error for any value of n and m (Legendre, 2010). The F statistic for Kendall’s
coefficient of concordance is calculated in Equation 3 – 32 as:
𝐹=

(𝑚 − 1)𝑊
(1 − 𝑊)

(3 - 33)

2

which is asymptotically distributed with 𝜈1 = 𝑛 − 1 − (𝑚) and 𝜈2 = 𝜈1 (𝑚 − 1) degrees of
freedom using a one-tailed test since the values of W range 0 ≤ 𝑊 ≤ 1.
Kendall’s W offers a value with better statistical properties than the more common
Spearman’s (rho) correlation where the interpretation is very direct (probabilities of observing
concordant pairs and discordant pairs). However, in order to interpret Kendall’s W, the value
Spearman’s (rho) correlation will also be reported. Spearman’s (rho) correlation coefficient is an
effect size where the strength of association is determined using the guidelines listed in Table 3-8
below. Thus, values closer to zero indicate no agreement and values of one indicate total
agreement.
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Table 3-8
Strength for Spearman’s (rho) Correlation Coefficient
Strength
Range
Very Weak Correlation

.00 - .19

Weak Correlation

.20 - .39

Moderate Correlation

.40 - .59

Strong Correlation

.60 - .79

Very Strong Correlation

.80 – 1.0
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Chapter 4: Results
Three hundred eighteen teachers across the state were chosen for inclusion in this study.
These teachers all taught fifth grade at the same district from 2012, 2013, and 2014. Each teacher
had at least 20 students taking the regular state assessment for each year under investigation.
These students followed a normal trajectory through grades for these years; students who were
retained or advanced were not included.
Model Assumptions
Teacher effects were calculated for each model as described in Chapter 3. The ShapiroWilks test for normality, along with the skewness and kurtosis values, showed the effects
calculated by each model across all three years were approximately normally distributed. Table
4-1 below shows the 2014 test statistics for normality generated with SAS.
Table 4-1
Normality Statistics for 2014
Model

Shapiro-Wilks

Skewness

Kurtosis

Layered Model

0.991 (p < 0.05)

0.197

0.421

Equipercentile Model

0.993 (p < 0.12)

0.089

0.056

Covariate Adjusted Model

0.994 (p < 0.19)

0.251

0.251

Gains Model

0.994 (p < 0.21)

0.232

0.026

From the statistics reported in Table 4-1, no model is in violation of the normality
assumption that the data are normally distributed in 2014, however the LM is very close to
violating this assumption with p < 0.05. The 2014 distributions for each model across all regions
are then shown below as Figures 4-1—4-4. Shapiro-Wilks, skewness and kurtosis test statistics
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for 2012 and 2013 along with their distribution figures are reported in Appendix A. No model
was in violation of the normality assumption in 2012 or 2013.

Figure 4-1. 2014 Distribution of teacher effects calculated by the Layered Model.
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Figure 4-2. 2014 Distribution of teacher effects calculated by the Equipercentile Model.
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Figure 4-3. 2014 Distribution of teacher effects calculated by the Covariate Model.
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Figure 4-4. 2014 Distribution of teacher effects calculated by the Gains Model.
In addition to checking for normality in our measures of teacher effects, we must also
insure that the rankings of teacher effects as measured by each model are related linearly; there is
a linear relationship between teacher-rankings from two different models. The 12 scatter plots
and residual plots below of teacher rankings collapsed across all regions as Figure 4-9 to Figure
4-16 provide evidence that the 2014 teacher rankings, as measured by the four models, are
linearly related. The scatter plots for the 2012 and 2013 models are contained in Appendix B.
Additionally, the scatter plots of teacher rankings for each region in 2012, 2013 and 2014 are
found in Appendices C, D, and E respectively. Each scatter plot includes the upper and lower
95% confidence limits for the mean predicted values and the upper and lower 95% prediction
intervals for a future observation.
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Figure 4-5. 2014 Relationship between teacher ranks produced by the Covariate Model and those
produced by the Equipercentile Model.
The 2014 Equipercentile Model teacher ranks and Covariate Model teacher ranks are
correlated at 0.922 indicating a strong relationship between the two rankings. An examination of
the residual plot below as Figure 4-6 supplies evidence that the two measures are linearly related.
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Figure 4-6. 2014 Residuals of teacher rank by Equipercentile Model predicted from teacher rank
by Covariate Model.
An examination of the scatter plot of residuals between the predicted ranks and the actual
ranks of teachers in the Covariate Model show 21 observations that exceed ±2 studentized
residuals, indicating those observations are influential. However, there is no discernable pattern
among the residuals suggesting the rankings are linearly related. They will be retained for the
purpose of this study.
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Figure 4-7. 2014 Relationship between teacher ranks produced by the Covariate Model and those
produced by the Layered Model.
The 2014 Layered Model teacher ranks and Covariate Model teacher ranks are correlated
at 0.866 indicating a strong relationship between the two rankings. An examination of the
residual plot below as Figure 4-8 supplies evidence that the two measures are linearly related.
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Figure 4-8. 2014 Residuals of teacher rank by Layered Model predicted from teacher rank by
Covariate Model.
An examination of the scatter plot of residuals between the predicted ranks and the actual
ranks of teachers in the Covariate Model show 21 observations that exceed ±2 studentized
residuals, suggesting those observations could be influential. However, there is no discernable
pattern among the residuals suggesting the rankings are linearly related. They will be retained for
the purpose of this study.
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Figure 4-9. 2014 Relationship between teacher ranks produced by the Covariate Model and those
produced by the Gains Model.
The 2014 Gains Model teacher ranks and Covariate Model teacher ranks are correlated at
0.950 indicating a strong relationship between the two rankings. An examination of the residual
plot below as Figure 4-10 supplies evidence that the two measures are linearly related.
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Figure 4-10. 2014 Residuals of teacher rank by Gains Model predicted from teacher rank by
Covariate Model.
An examination of the scatter plot of residuals between the predicted ranks and the actual
ranks of teachers in the Covariate Model show 18 observations that exceed ±2 studentized
residuals, suggesting those observations could be influential. However, there is no discernable
pattern among the residuals suggesting the rankings are linearly related. They will be retained for
the purpose of this study.
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Figure 4-11. 2014 Relationship between teacher ranks produced by the Layered Model and those
produced by the Equipercentile Model.
The 2014 Layered Model teacher ranks and Equipercentile Model teacher ranks are
correlated at 0.810 indicating a strong relationship between the two rankings. An examination of
the residual plot below as Figure 4-12 supplies evidence that the two measures are linearly
related.
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Figure 4-12. 2014 Residuals of teacher rank by Equipercentile Model predicted from teacher
rank by Layered Model.
An examination of the scatter plot of residuals between the predicted ranks and the actual
ranks of teachers in the Layered Model show 21 observations that exceed ±2 studentized
residuals, suggesting those observations could be influential. However, there is no discernable
pattern among the residuals suggesting the rankings are linearly related. They will be retained for
the purpose of this study.
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Figure 4-13. 2014 Relationship between teacher ranks produced by the Layered Model and those
produced by the Gains Model.
The 2014 Gains Model teacher ranks and Layered Model teacher ranks are correlated at
0.848 indicating a strong relationship between the two rankings. An examination of the residual
plot below as Figure 4-14 supplies evidence that the two measures are linearly related.
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Figure 4-14. 2014 Residuals of teacher rank by Gains Model predicted from teacher rank by
Layered Model.
An examination of the scatter plot of residuals between the predicted ranks and the actual
ranks of teachers in the Layered Model show 23 observations that exceed ±2 studentized
residuals, suggesting those observations could be influential. However, there is no discernable
pattern among the residuals suggesting the rankings are linearly related. They will be retained for
the purpose of this study.
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Figure 4-15. 2014 Relationship between teacher ranks produced by the Equipercentile Model
and those produced by the Gains Model.
The 2014 Gains Model teacher ranks and Equipercentile Model teacher ranks are
correlated at 0.956 indicating a strong relationship between the two rankings. An examination of
the residual plot below as Figure 4-16 supplies evidence that the two measures are linearly
related.
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Figure 4-16. 2014 Residuals of teacher rank by Gains Model predicted from teacher rank by
Equipercentile Model.
An examination of the scatter plot of residuals between the predicted ranks and the actual
ranks of teachers in the Equipercentile Model show 19 observations that exceed ±2 studentized
residuals, suggesting those observations could be influential. However, there is no discernable
pattern among the residuals suggesting the rankings are linearly related. They will be retained for
the purpose of this study.
Additional investigation showed that no teacher was consistently identified as an outlier
through the six correlations.
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Stability across Models
Research has shown that teacher effects vary from class to class, year to year and
depending on which statistical model was used in the estimation. Similarly, the choice of
statistical model chosen to measure teacher effects could result in different conclusions regarding
a teacher’s effectiveness. To address these concerns, the research for this project was conducted
in part to determine if teacher effectiveness ratings differed across models and years; within each
region, were teachers ranked similarly with each model?
Teachers were rank ordered (1 being the teacher with the greatest effect) by region on
each model respective to the calculated teacher effectiveness rating for the teachers in the cohort
under investigation for 2012, 2013 and 2014. The Spearman Correlation coefficients along with
the Kendall tau calculations across all regions are provided in Table 4-2 below as an indication
of whether or not the models agreed on the rank order of teachers.
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Table 4-2
Spearman’s (rho) Correlations (Kendall’s tau) of Rank Orders between Models From 2012 to
2014
Layered
Model Rank
2012

2013

2014

Equipercentile
Rank

Layered Model Rank

1.00

Equipercentile Rank

0.765 (0.590)

Covariate Model Rank

0.844 (0.672)

0.905 (0.752)

Gains Model Rank

0.824 (0.648)

0.947 (0.822)

Layered Model Rank

1.00

Equipercentile Rank

0.814 (0.643)

Covariate Model Rank

0.855 (0.685)

0.906 (0.753)

Gains Model Rank

0.841 (0.674)

0.958 (0.843)

Layered Model Rank

1.00

Equipercentile Rank

0.810 (0.642)

Covariate Model Rank

0.866 (0.698)

0.922 (0.772)

Gains Model Rank

0.848 (0.685)

0.956 (0.838)

Covariate
Model Rank

0.977 (0.880)

0.966 (0.859)

0.950 (0.821)

According to Kendall’s test of rank orders, we can reject the null hypothesis that the ranks
are uncorrelated and conclude that the models agree on a similar ranking. Spearman’s (rho)
correlation coefficients indicate a very strong correlation among the rank orders of all the models
across all years under investigation less the 2012 correlation between the Layered and
Equipercentile Models (0.756). However, according guidelines for interpreting the strength for
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Spearman’s (rho) correlation coefficient presented in Table 3-8, this value still indicates a strong
association between rankings.
Beginning with data from the 2014 test administration, the state began investigating
models in an attempt to capture the effectiveness of its teachers. During this process it was
determined that teachers need to be classified as to give meaning to the value for constituents.
Therefore, the teachers in the cohort in this study were also given a classification. The cut scores
for classification for each year were calculated using teacher means for all fifth grade teachers
across the state. Since the distributions were all relatively normal, for the purpose of this study,
teachers were classified as Ineffective (𝑥 < 𝜇 − 2𝜎), Minimally Effective (𝜇 − 2𝜎 < 𝑥 < 𝜇 −
𝜎), Effective (𝜇 − 𝜎 < 𝑥 < 𝜇 + 𝜎), Maximally Effective (𝜇 + 𝜎 < 𝑥 < 𝜇 + 2𝜎) or Exemplary
(𝑥 > 𝜇 + 2𝜎) based on their teacher effectiveness measure within each model. By using the
standard deviations as cut points, under a normal distribution, it is expected that each model will
classify 2.8% of teachers as Ineffective and Exemplary, 13.6% as Minimally Effective and
Highly Effective, and 68.3% as Effective. The classification cut points are indicated in the Figure
4-17 below.
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68.3%
13.6%

13.6%

2.8%

2.8%

Figure 4-17. Cut points for teacher classification and percentage expected in each classification
as per the normal distribution.

The percentages and frequencies of classification of teachers based on their teacher effectiveness
score for each model for 2012-2014 are reported in
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Table 4-3 below.
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Table 4-3
Teacher Classification Percentages (Frequencies)
Ineffective Minimally
Effective
2012
Layered Model
1.26%
11.32%
(4)
(36)
Equipercentile
1.57%
9.75%
Model
(5)
(31)
Covariate Model
0%
10.69%
(0)
(34)
Gains Model
0.63%
11.01%
(2)
(35)
2013
Layered Model
1.57%
7.55%
(5)
(24)
Equipercentile
0.94%
10.69%
Model
(3)
(34)
Covariate Model
1.57%
8.49%
(5)
(27)
Gains Model
0.94%
10.69%
(3)
(34)
2014
Layered Model
0.94%
8.81%
(3)
(28)
Equipercentile
1.89%
9.43%
Model
(6)
(30)
Covariate Model
0.94%
7.86%
(3)
(25)
Gains Model
0.31%
8.49%
(1)
(27)
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Effective

Highly
Effective

Exemplary

73.58%
(234)
77.67%
(247)
75.47%
(240)
74.21%
(236)

11.32%
(36)
9.75%
(31)
12.26%
(39)
11.95%
(38)

2.52%
(8)
1.26%
(4)
1.57%
(5)
2.20%
(7)

75.47%
(240)
72.01%
(229)
73.90%
(235)
73.27%
(233)

13.84%
(44)
15.09%
(48)
15.09%
(48)
13.21%
(42)

1.57%
(5)
1.26%
(4)
0.94%
(3)
1.89%
(6)

75.79%
(241)
73.27%
(233)
74.53%
(237)
80.82%
(257)

12.58%
(40)
13.52%
(43)
15.41%
(49)
9.43%
(30)

1.89%
(6)
1.89%
(6)
1.26%
(4)
0.94%
(3)

Table 4-3 shows all models for all years were consistently classifying teachers in this
cohort close to as expected with normal distributions of the data under each model. Consistent
with what was to be expected, the majority of teachers were categorized as “Effective” across all
models and years. Only in 2012, did two models (Layered Model and Gains Mode) categorize
more than 2% of teachers as “Exemplary”. In 2013 and 2014, the percentage of teachers
classified as “Minimally Effective” and “Highly Effective” by the Covariate Model differed by
more than 6.5% when each category was expected to have the same percentage of observations.
The extent of agreement in rankings was measured using the weighted Cohen’s kappa
statistic. The kappa statistic measures inter-rater agreement for categorical items taking into
account any agreement that may occur by chance and is appropriate when dealing with ordinal
data. The magnitude of the reported kappa statistic was categorized as proposed by Fleiss (1981)
shown below in Table 4-4. The small number of categories enables the researcher to quickly
identify values that are unacceptable, acceptable and exceptional.
Table 4-4
Fleiss’ Kappa Benchmark Scale
Kappa Statistic
< 0.40

Strength of Agreement
Poor

0.40 to 0.75

Intermediate to Good

More than 0.75

Excellent

The frequencies and percentages of classification agreement and disagreement between
the Layered Model and the Gains Model for 2014 are shown below as
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Table 4-5.

Table 4-5
Teacher Effectiveness Classification Consistency between Layered Model and Gains Model for
2014.
Layered
Model

Gains Model
Ineffective

Minimally
Effective

Effective

Highly
Effective

Exemplary

Ineffective

0

0.63% (2)

0.31% (1)

0

0

Minimally
Effective

0.31% (1)

3.77% (12)

4.72% (15)

0

0

Effective

0

3.77% (12)

69.50% (221) 2.52% (8)

0

Highly
Effective

0

0.31% (1)

5.66% (18)

5.97% (19)

0.63% (2)

Exemplary

0

0

0.63% (2)

0.94% (3)

0.31% (1)

As can be seen down the main diagonal, 253 (80%) of teachers were categorized the
same by the Layered Model and Gains Model. A weighted Kappa coefficient of 0.492 was
calculated on the agreement in classifications between the Layered Model Classifications and the
Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the strength
of agreement as intermediate to good. The corresponding tables for 2012 and 2013 are displayed
in Appendix E.
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Table 4-6
Teacher Effectiveness Classification Consistency between Layered Model and Equipercentile
Model for 2014
Layered
Model
Ineffective

Equipercentile Model
Minimally
Highly
Effective
Effective
Effective

Exemplary

Ineffective

0.31% (1)

0

0.63% (2)

0

0

Minimally
Effective

0.94% (3)

3.14% (10)

4.72% (15)

0

0

Effective

0.63% (2)

5.97% (19)

63.52% (202)

5.66% (18)

0

Highly
Effective

0

0.31% (1)

3.77% (12)

7.55% (24)

0.94% (3)

Exemplary

0

0

0.63% (2)

0.31% (1)

0.94% (3)

As can be seen down the main diagonal, 240 (75%) of teachers were categorized the
same by the Layered Model and Equipercentile Model. A weighted Kappa coefficient of 0.474
was calculated on the agreement in classifications between the Layered Model Classifications
and the Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table 4-7
Teacher Effectiveness Classification Consistency between Gains Model and Equipercentile
Model for 2014
Gains Model
Ineffective
0.31% (1)

Equipercentile Model
Minimally
Highly
Effective
Effective
Effective
0
0
0

0

Minimally
Effective

1.58% (5)

5.66 % (18)

1.26 % (4)

0

Effective

0

3.77% (12)

70.44% (224) 6.60% (21)

0

Highly
Effective

0

0

1.57% (5)

6.60% (21)

1.26% (4)

Exemplary

0

0

0

0.31% (1)

0.63% (2)

Ineffective

0

Exemplary

As can be seen down the main diagonal, 266 (84%) of teachers were categorized the
same by the Gains Model and Equipercentile Model. A weighted Kappa coefficient of 0.642 was
calculated on the agreement in classifications between the Gains Model Classifications and the
Equipercentile Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table 4-8
Teacher Effectiveness Classification Consistency between Layered Model and Covariate Model
for 2014
Layered
Model

Covariate Model
Ineffective
0.31% (1)

Minimally
Effective
0.63% (2)

0

0

0

Minimally
Effective

0.31% (1)

4.09% (13)

4.40% (14)

0

0

Effective

0.31% (1)

3.14% (10)

65.72% (209) 6.29% (20)

0

Highly
Effective

0

0.0

4.09 % (13)

8.18% (26)

0.31% (3)

Exemplary

0

0

0.31% (1)

0.94% (3)

0.63% (2)

Ineffective

Highly
Effective

Effective

Exemplary

As can be seen down the main diagonal, 251 (79%) of teachers were categorized the
same by the Layered Model and Covariate Model. A weighted Kappa coefficient of 0.542 was
calculated on the agreement in classifications between the Layered Model Classifications and the
Covariate Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table 4-9
Teacher Effectiveness Classification Consistency between Covariate Model and Gains Model for
2014
Covariate Model

Gains Model
Minimally
Ineffective
Effective
0.31% (1) 0.63% ( 2)

0

0

0

Minimally
Effective

0

5.97% ( 19)

1.89% (6)

0

0

Effective

0

1.89% (6)

71.07% (226) 1.57% (5)

0

Highly
Effective

0

0

7.55% (24)

7.55% (24)

0.31% (1)

Exemplary

0

0

0.31% (1)

0.31% (1)

0.63% (2)

Ineffective

Highly
Effective

Effective

Exemplary

As can be seen down the main diagonal, 272 (86%) of teachers were categorized the
same by the Covariate Model and Gains Model. A weighted Kappa coefficient of 0.657 was
calculated on the agreement in classifications between the Covariate Model Classifications and
the Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table 4-10
Teacher Effectiveness Classification Consistency between Equipercentile Model and Covariate
Model for 2014
Covariate
Model

Equipercentile Model

Ineffective
0.63% (2)

Minimally
Effective

Minimally
Effective

Highly
Effective

0

Effective
0.31% (1)

0

0

1.26% (4)

4.72% (15)

1.89% (6)

0

0

Effective

0

4.72% (15)

65.41% (208) 4.40% (14)

0

Highly
Effective

0

0

5.35% (17)

8.81% (28)

1.26% (4)

Exemplary

0

0

0.31% (1)

0.31% (1)

0.63% (2)

Ineffective

Exemplary

As can be seen down the main diagonal, 255 (80%) of teachers were categorized the
same by the Equipercentile Model and Covariate Model. A weighted Kappa coefficient of 0.600
was calculated on the agreement in classifications between the Equipercentile Model
Classifications and the Covariate Model Classifications. Following the guidelines in Table 4-4
we can describe the strength of agreement as intermediate to good.
Across all four models, 206 (65%) of the teachers were consistently identified as
belonging to the same category in 2014. Of those categorizations in agreement, 188 (91%) were
identified as “Effective”, 10 (5%) were identified as “Highly Effective”, seven (3%) as
“Minimally Effective” and one as “Exemplary”. No teachers were consistently identified by
every model as “Ineffective”. As previously stated, all agreements in classification as measured
by the kappa statistic were considered intermediate to good.
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Stability of Models over Time
In addition to investigating if this cohort of teachers was ranked differently on teacher
effects depending on model chosen, this research also sought to investigate if the models were
ranking the same cohort of teachers consistently across years despite different students in their
classrooms from year-to-year. The correlations of teacher ranks within models across 2012, 2013
and 2014 for all models are reported below in Table 4-11 through Table 4-14.
Table 4-11
Spearman’s (rho) Correlations (Kendall’s tau) of Rank Orders within the Covariate Model From
2012 to 2014
2012 Teacher Rank

2013 Teacher Rank

2012 Teacher Rank

1.00

2013 Teacher Rank

0.579 (0.415)

1.00

2014 Teacher Rank

0.550 (0.394)

0.628 (0.461)

2014 Teacher Rank

1.00

Note. All correlations among ranks were statistically significant at p < 0.001.
According to Kendall’s test of rank orders, we can reject the null hypothesis that the
ranks are uncorrelated and conclude that the models agree on a similar ranking. According to the
guidelines presented in Table 3-8, Spearman’s (rho) correlation coefficients indicate a moderate
association among the rank orders across all years for the Covariate Model.
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Table 4-12
Spearman’s (rho) Correlations (Kendall’s tau) of Rank Orders within the Layered Model From
2012 to 2014
2012 Teacher Rank

2013 Teacher Rank

2012 Teacher Rank

1.00

2013 Teacher Rank

0.549 (0.387)

1.00

2014 Teacher Rank

0.488 (0.347)

0.592 (0.428)

2014 Teacher Rank

1.00

Note. All correlations among ranks were statistically significant at p < 0.001.
According to Kendall’s test of rank orders, we can reject the null hypothesis that the
ranks are uncorrelated and conclude that the models agree on a similar ranking. According to the
guidelines presented in Table 3-8, Spearman’s (rho) correlation coefficients indicate a moderate
association among the rank orders across all years for the Layered Model.

Table 4-13
Spearman’s (rho) Correlations (Kendall’s tau) of Rank Orders within the Gains Model From
2012 to 2014
2012 Teacher Rank

2013 Teacher Rank

2012 Teacher Rank

1.00

2013 Teacher Rank

0.561 (0.402)

1.00

2014 Teacher Rank

0.512 (0.368)

0.611(0.449)

2014 Teacher Rank

1.00

Note. All correlations among ranks were statistically significant at p < 0.001.
According to Kendall’s test of rank orders, we can reject the null hypothesis that the
ranks are uncorrelated and conclude that the models agree on a similar ranking. According to the
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guidelines presented in Table 3-8, Spearman’s (rho) correlation coefficients indicate a moderate
to strong association among the rank orders across all years for the Gains Model.
Table 4-14
Spearman’s (rho) Correlations (Kendall’s tau) of Rank Orders within the Equipercentile Model
From 2012 to 2014
2012 Teacher Rank

2013 Teacher Rank

2012 Teacher Rank

1.00

2013 Teacher Rank

0.533 (0.384)

1.00

2014 Teacher Rank

0.496 (0.355)

0.552 (0.401)

2014 Teacher Rank

1.00

Note. All correlations among ranks were statistically significant at p < 0.001.
According to Kendall’s test of rank orders, we can reject the null hypothesis that the
ranks are uncorrelated and conclude that the models agree on a similar ranking. According to the
guidelines presented in Table 3-8, Spearman’s (rho) correlation coefficients indicate a moderate
association among the rank orders across all years for the Equipercentile Model.
For all models, the correlations within each model showed at least moderate agreement
between 2012, 2013 and 2014. The correlations range from 0.550 to 0.628 for the Covariate
Model, 0.488 to 5.92 for the Layered Model, 0.512 to 0.611 for the Gains Model and 0.496 to
0.552 for the Equipercentile Model.
Teacher classifications, as used above to compare the level of agreement across models,
were also compared for each model to investigate the level of agreement of teacher classification
across years. It is assumed a stable model will consistently identify the same teacher in the same
classification class across all three years. The consistency of teacher classifications from year to
year are reported below in Table 4-15 105

Table 4-26.
Table 4-15
Teacher Effectiveness Classification Consistency for the Covariate Model between 2012 and
2013 across All Regions
2013 Teacher Classifications
2012 Teacher
Classification

Ineffective

Minimally
Effective

Ineffective

0

0

0

0

0

Minimally
Effective

0.63% (2)

2.52% (8)

7.55% (24)

0

0

Effective

0.94% (3)

5.97% (19)

57.55% (183)

10.69% (34) 0.31% (1)

Highly Effective

0

0

8.18% (26)

3.46 % (11)

0.63% (2)

Exemplary

0

0

0.63% (2)

0.94% (3)

0

Highly
Effective

Effective

Exemplary

Note. The Covariate model did not identify any ineffective teachers in 2012.
A weighted kappa coefficient of 0.202 was calculated on agreement in classifications in
2012 and 2013 with the Covariate Model. Following the guidelines in Table 4-4, we can describe
the strength of agreement between teacher classifications across the two years as poor; teachers
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were not consistently identified on their effectiveness in teaching in 2012 and 2013 with the
Covariate Model. We can see from the main diagonal in Table 4-15 that 202 (63.52%) of the
teachers were classified the same in 2012 and 2013 by the Covariate Model. The upper triangular
portion of the table shows 59 (18.55%) of the teachers increased at least one teacher
classification level. The lower triangular portion of the table shows 55 (17.30%) of teachers
decreased at least one teacher classification level. Among the 240 teachers identified as
“Effective” in 2012, 216 (90.83%) stayed the same or went up in classification level, while only
22 (9.17%) decreased in teacher classification level.

Table 4-16
Teacher Effectiveness Classification Consistency for the Covariate Model between 2012 and
2014 across All Regions
2014 Teacher Classifications
2012 Teacher
Classification

Ineffective

Ineffective

0

0

0

0

0

Minimally
Effective

0.31 (1)

1.89% (6)

7.55% (24)

0.94% (3)

0

Effective

0.63% (2)

5.35% (17)

58.18%
(185)

11.32%
(36)

0

Highly Effective

0

0.63% (2)

8.18% (26)

2.83% (9)

0.63% (2)

Exemplary

0

0

0.63% (2)

0.31% (1)

0.63% (2)

Minimally
Effective

Highly
Effective

Effective

Exemplary

Note. The Covariate model did not identify any ineffective teachers in 2012.
Investigating whether or not teachers were consistently classified after two years, a
weighted kappa coefficient of 0.168 was calculated on agreement in classifications in 2012 and
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2014 with the Covariate Model. Following the guidelines in Table 4-4, we can describe the
strength of agreement between teacher classifications across the two years as poor; teachers were
not consistently identified on their effectiveness in teaching in 2012 and 2014 with the Covariate
Model. We can see from the main diagonal in Table 4-16 that 202 (63.52%) of the teachers were
classified the same in 2012 and 2014 by the Covariate Model. The upper triangular portion of the
table shows 65 (20.44%) of the teachers increased at least one teacher classification level. The
lower triangular portion of the table shows 51 (16.04%) of teachers decreased at least one teacher
classification level. Among the 240 teachers identified as “Effective” in 2012, 221 (92.08%)
were identified as “Effective” or higher in 2014, while only 19 (7.92%) decreased in teacher
classification level. From Table 4-15 and Table 4-16, we can see that three teachers went from
being identified as “Effective” in 2012, to below “Effective” in 2013, and back to “Effective” or
higher in 2014. The variation could, among other possibilities, depend on the students those
teachers served in 2013.
Table 4-17
Teacher Effectiveness Classification Consistency for the Covariate Model between 2013 and
2014 across All Regions
2014 Teacher Classifications
2013 Teacher
Classification

Ineffective

Ineffective

0.63% (2)

0.31% (1)

0.63% (2)

0

0

Minimally
Effective

0

2.20% (7)

6.29% (20)

0

0

Effective

0.31% (1)

4.72% (15)

59.12%
(188)

9.75% (31)

0

Highly Effective

0

0.63% (2)

7.86% (25)

5.35% (17)

1.26% ( 4)

Minimally
Effective

Highly
Effective

Effective
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Exemplary

Exemplary

0

0

0.63% (2)

0.31% (1)

0

Investigating whether or not teachers were consistently classified in the last two years
under investigation, a weighted kappa coefficient of 0.289 was calculated on agreement in
classifications in 2013 and 2014 with the Covariate Model. Following the guidelines in Table
4-4, we can describe the strength of agreement between teacher classifications across the two
years as poor; teachers were not consistently identified on their effectiveness in teaching in 2013
and 2014 with the Covariate Model. We can see from the main diagonal in
Table 4-17 that 214 (67.30%) of the teachers were classified the same in 2013 and 2014
by the Covariate Model. The upper triangular portion of the table shows 58 (18.24%) of the
teachers increased at least one teacher classification level. The lower triangular portion of the
table shows 46 (14.47%) of teachers decreased at least one teacher classification level. Among
the 235 teachers identified as “Effective” in 2013, 219 (93.19%) were identified as “Effective” or
higher in 2014, while 16 (6.81%) decreased in teacher classification level. From Table 4-15 and
Table 4-17, we can see that a higher percentage of teachers were consistently classified as
“Effective” or higher in the latter two years than in the previous two years.
Table 4-18
Teacher Effectiveness Classification Consistency for the Layered Model between 2012 and 2013
across All Regions
2013 Teacher Classifications
2012 Teacher
Classification

Ineffective

Ineffective

0.31% (1)

Minimally
Effective
0.63% (2)

Highly
Effective

Effective
0.31% (1)
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0

Exemplary
0

Minimally
Effective

0.63% (2)

1.57% (5)

8.81% (28)

0.31% (1)

0

Effective

0.63% (2)

5.35% (17)

55.97%
(178)

10.69%
(34)

0.94% (3)

Highly Effective

0

0

8.81% (28)

2.20% (7)

0.31% (1)

Exemplary

0

0

1.57% (5)

0.63% (2)

0.31%(1)

A weighted kappa coefficient of 0.152 was calculated on agreement in classifications in 2012
2012 and 2013 with the Layered Model. Following the guidelines in Table 4-4, we can describe
the strength of agreement between teacher classifications across the two years as poor; teachers
were not consistently identified on their effectiveness in teaching in 2012 and 2013 with the
Layered Model. We can see from the main diagonal in
Table 4-18 that 192 (60.38%) of the teachers were classified the same in 2012 and 2013
by the Layered Model. The upper triangular portion of the table shows 70 (20.01%) of the
teachers increased at least one teacher classification level. The lower triangular portion of the
table shows 56 (17.61%) of teachers decreased at least one teacher classification level. Among
the 234 teachers identified as “Effective” in 2012, 215 (91.88%) stayed the same or went up in
classification level, while only 19 (8.12%) decreased in teacher classification level.
Table 4-19
Teacher Effectiveness Classification Consistency for the Layered Model between 2012 and 2014
across All Regions
2014 Teacher Classifications
2012 Teacher
Classification

Ineffective

Minimally
Effective

Effective
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Highly
Effective

Exemplary

Ineffective

0.31% (1)

0

0.94% (3)

0

0

Minimally
Effective

0.31% (1)

0.94% (3)

9.75% (31)

0.31% (1)

0

Effective

0.31% (1)

7.23% (23)

56.29%
(179)

9.12% (29)

0.63% (2)

Highly Effective

0

0.31% (1)

7.55% (24)

2.52% (8)

0.94% (3)

Exemplary

0

0.31% (1)

1.26% (4)

0.63% (2)

0.31% (1)

Investigating whether or not teachers were consistently classified after two years, a weighted
weighted kappa coefficient of 0.131 was calculated on agreement in classifications in 2012 and
2014 with the Layered Model. Following the guidelines in Table 4-4, we can describe the
strength of agreement between teacher classifications across the two years as poor; teachers were
not consistently identified on their effectiveness in teaching in 2012 and 2014 with the Layered
Model. We can see from the main diagonal in Table 4-19 that 192 (60.38%) of the teachers were
classified the same in 2012 and 2014 by the Layered Model. The upper triangular portion of the
table shows 69 (21.70%) of the teachers increased at least one teacher classification level. The
lower triangular portion of the table shows 57 (17.92%) of teachers decreased at least one teacher
classification level. Among the 234 teachers identified as “Effective” in 2012, 210 (89.74%)
were identified as “Effective” or higher in 2014, while only 24 (10.26%) decreased in teacher
classification level. From
Table 4-18 and Table 4-19, we can see that five teachers went from being identified as
“Effective” in 2012, to below “Effective” in 2013, and back to “Effective” or higher in 2014.

111

The variation could, among other possibilities, depend on the students those teachers served in
2013.

Table 4-20
Teacher Effectiveness Classification Consistency for the Layered Model between 2013 and 2014
across All Regions
2014 Teacher Classifications
2013 Teacher
Classification

Ineffective

Ineffective

0.31% (1)

0.63% (2)

0.63% (2)

0

0

Minimally
Effective

0

1.89% (6)

5.66% (18)

0

0

Effective

0.63% (2)

5.66% (18)

60.06%
(191)

8.18% (26)

0.94% (3)

Minimally
Effective

Highly
Effective

Effective
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Exemplary

Highly Effective

0

0.63% (2)

8.49% (27)

4.09% (13)

0.63% (2)

Exemplary

0

0

0.94% (3)

0.31% (1)

0.31% (1)

Investigating whether or not teachers were consistently classified in the last two years under
under investigation, a weighted kappa coefficient of 0.233 was calculated on agreement in
classifications in 2013 and 2014 with the Layered Model. Following the guidelines in Table 4-4,
we can describe the strength of agreement between teacher classifications across the two years as
poor; teachers were not consistently identified on their effectiveness in teaching in 2013 and
2014 with the Layered Model. We can see from the main diagonal in Table 4-20 that 212
(66.67%) of the teachers were classified the same in 2013 and 2014 by the Layered Model. The
upper triangular portion of the table shows 53 (16.67%) of the teachers increased at least one
teacher classification level. The lower triangular portion of the table also shows 53 (16.67%) of
teachers decreased at least one teacher classification level. Among the 240 teachers identified as
“Effective” in 2013, 220 (91.67%) were identified as “Effective” or higher in 2014, while 20
(8.33%) decreased in teacher classification level. From
Table 4-18 and Table 4-20, we can see that the percentage of teachers consistently
classified as “Effective” or higher between 2012 and 2013 (91.88%) was about the same as the
percentage equally classified between 2013 and 2014 (91.67%).
Table 4-21
Teacher Effectiveness Classification Consistency for the Gains Model between 2012 and 2013
across All Regions
2013 Teacher Classifications
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2012 Teacher
Classification

Ineffective

Ineffective

0

0.31%(1)

0.31%(1)

0

Minimally
Effective

0

1.89% (6)

8.81 (28)

0.31% (1)

0

Effective

0.94% (3)

8.18% (26)

55.03%
(175)

8.49% (27)

1.57% (5)

Highly Effective

0

0.31% (1)

7.86% (25)

3.46% (11)

0.31% (1)

Exemplary

0

0

1.26% (4)

0.94% (3)

0

Minimally
Effective

Highly
Effective

Effective

Exemplary

A weighted kappa coefficient of 0.132 was calculated on agreement in classifications in
2012 and 2013 with the Gains Model. Following the guidelines in Table 4-4, we can describe the
strength of agreement between teacher classifications across the two years as poor; teachers were
not consistently identified on their effectiveness in teaching in 2012 and 2013 with the Gains
Model. We can see from the main diagonal in
Table 4-21 that 192 (60.38%) of the teachers were classified the same in 2012 and 2013
by the Gains Model. The upper triangular portion of the table shows 64 (20.13%) of the teachers
increased at least one teacher classification level. The lower triangular portion of the table shows
62 (19.50%) of teachers decreased at least one teacher classification level. Among the 236
teachers identified as “Effective” in 2012, 207 (87.71%) stayed the same or went up in
classification level, while 29 (12.29%) decreased in teacher classification level with the Gains
Model.
Table 4-22
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Teacher Effectiveness Classification Consistency for the Gains Model between 2012 and 2014
across All Regions
2014 Teacher Classifications
2012 Teacher
Classification

Ineffective

Ineffective

0

0.63% (2)

0

0

0

Minimally
Effective

0

1.89% (6)

8.49% (27)

0.63% (2)

0

Effective

0.31% (1)

5.97% (19)

61.95%
(197)

5.97% (19)

0

Highly Effective

0

0

9.12% (29)

2.52% (8)

0.31% (1)

Exemplary

0

0

1.26% (4)

0.31% (1)

0.63% (2)

Minimally
Effective

Highly
Effective

Effective

Exemplary

Investigating whether or not teachers were consistently classified after two years, a
weighted kappa coefficient of 0.200 was calculated on agreement in classifications in 2012 and
2014 with the Gains Model. Following the guidelines in Table 4-4, we can describe the strength
of agreement between teacher classifications across the two years as poor; teachers were not
consistently identified on their effectiveness in teaching in 2012 and 2014 with the Gains Model.
We can see from the main diagonal in Table 4-22 that 213 (66.98%) of the teachers were
classified the same in 2012 and 2014 by the Gains Model. The upper triangular portion of the
table shows 51 (16.04%) of the teachers increased at least one teacher classification level. The
lower triangular portion of the table shows 54 (16.98%) of teachers decreased at least one teacher
classification level. Among the 236 teachers identified as “Effective” in 2012, 216 (91.53%)
were identified as “Effective” or higher in 2014, while 20 (8.47%) decreased in teacher
classification level. From
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Table 4-21 and Table 4-22, we can see that nine teachers went from being identified as
“Effective” in 2012, to “Effective” or higher in 2013, and back to below “Effective” in 2014.
The variation could, among other possibilities, depend on the students those teachers served in
2013.
Table 4-23
Teacher Effectiveness Classification Consistency for the Gains Model between 2013 and 2014
across All Regions
2014 Teacher Classifications
2013 Teacher
Classification

Ineffective

Ineffective

0.31% (1)

0

0.63% (2)

0

0

Minimally
Effective

0

3.77% (12)

6.92 (22)

0

0

Effective

0

4.72% (15)

62.58%
(199)

5.97% (19)

0

Highly Effective

0

0

9.43% (30)

2.83% (9)

0.94% (3)

Exemplary

0

0

1.26% (4)

0.63% (2)

0

Minimally
Effective

Highly
Effective

Effective

Exemplary

Investigating whether or not teachers were consistently classified in the last two years under
investigation, a weighted kappa coefficient of 0.277 was calculated on agreement in
classifications in 2013 and 2014 with the Gains Model. Following the guidelines in Table 4-4,
we can describe the strength of agreement between teacher classifications across the two years as
poor; teachers were not consistently identified on their effectiveness in teaching in 2013 and
2014 with the Gains Model. We can see from the main diagonal in Table 4-23 that 221 (69.50%)
of the teachers were classified the same in 2013 and 2014 by the Gains Model. The upper
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triangular portion of the table shows 46 (14.47%) of the teachers increased at least one teacher
classification level. The lower triangular portion of the table shows 51 (16.04%) of teachers
decreased at least one teacher classification level. Among the 233 teachers identified as
“Effective” in 2013, 218 (93.56%) were identified as “Effective” or higher in 2014, while 15
(16.04%) decreased in teacher classification level. From
Table 4-21 and Table 4-23, we can see that a higher percentage of teachers (93.56%) were
consistently classified as “Effective” or higher in the latter two years than in the previous two
years (87.71%).
Table 4-24
Teacher Effectiveness Classification Consistency for the Equipercentile Model between 2012 and
2013
2013 Teacher Classifications
2012 Teacher
Classification

Ineffective

Ineffective

0

0.63% (2)

0.94% (3)

0

0

Minimally
Effective

0

2.20% (7)

7.23% (23)

0.31% (1)

0

Effective

0.94% (3)

7.23% (23)

56.29%
(179)

12.26%
(39)

0.94% (3)

Highly Effective

0

0.63% (2)

6.92% (22)

1.89% (6)

0.31% (1)

Exemplary

0

0

0.63% (2)

0.63% (2)

0

Minimally
Effective

Highly
Effective

Effective

Exemplary

A weighted kappa coefficient of 0.103 was calculated on agreement in classifications in
2012 and 2013 with the Equipercentile Model. Following the guidelines in Table 4-4, we can
describe the strength of agreement between teacher classifications across the two years as poor;
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teachers were not consistently identified on their effectiveness in teaching in 2012 and 2013 with
the Equipercentile Model. We can see from the main diagonal in Table 4-24 that 192 (60.38%)
of the teachers were classified the same in 2012 and 2013 by the Equipercentile Model. The
upper triangular portion of the table shows 72 (22.64%) of the teachers increased at least one
teacher classification level. The lower triangular portion of the table shows 54 (16.98%) of
teachers decreased at least one teacher classification level. Among the 247 teachers identified as
“Effective” in 2012, 221 (84.47%) stayed the same or went up in classification level, while 26
(10.53%) decreased in teacher classification level.
Table 4-25
Teacher Effectiveness Classification Consistency for the Equipercentile Model between 2012 and
2014
2014 Teacher Classifications
2012 Teacher
Classification

Ineffective

Ineffective

0.31% (1)

0.31% (1)

0.94% (3)

0

0

Minimally
Effective

0.64% (2)

1.57% (5)

6.92% (22)

0.64% (2)

0

Effective

0.94% (3)

7.23% (23)

58.81%
(187)

9.12% (29)

1.57% (5)

Highly Effective

0

0.31% (1)

6.60% (21)

2.83% (9)

0

Exemplary

0

0

0

0.94% (3)

0.31% (1)

Minimally
Effective

Highly
Effective

Effective

Exemplary

Investigating whether or not teachers were consistently classified after two years, a
weighted kappa coefficient of 0.182 was calculated on agreement in classifications in 2012 and
2014 with the Equipercentile Model. Following the guidelines in Table 4-4, we can describe the
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strength of agreement between teacher classifications across the two years as poor; teachers were
not consistently identified on their effectiveness in teaching in 2012 and 2014 with the
Equipercentile Model. We can see from the main diagonal in Table 4-25 that 203 (63.84%) of
the teachers were classified the same in 2012 and 2014 by the Equipercentile Model. The upper
triangular portion of the table shows 62 (19.50%) of the teachers increased at least one teacher
classification level. The lower triangular portion of the table shows 53 (16.67%) of teachers
decreased at least one teacher classification level. Among the 247 teachers identified as
“Effective” in 2012, 221 (89.47%) were identified as “Effective” or higher in 2014, while 26
(10.53%) decreased in teacher classification level. From Table 4-24 and Table 4-25, we can see
that five teachers went from being identified as “Effective” in 2012, to below “Effective” in
2013, and back to “Effective” or higher in 2014. The variation could, among other possibilities,
depend on the students those teachers served in 2013.

Table 4-26
Teacher Effectiveness Classification Consistency for the Equipercentile Model between 2013 and
2014 across All Regions
2014 Teacher Classifications
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2013 Teacher
Classification

Ineffective

Ineffective

0.31% (1)

0

0.63% (2)

0

0

Minimally
Effective

0.63% (2)

2.52% (8)

7.23% (23)

0.31% (1)

0

Effective

0.94% (3)

6.60% (21)

54.40%
(173)

9.75% (31)

0.31% (1)

Highly Effective

0

0.31% (1)

10.38%

3.14% (10)

0.16% (4)

0.31% (1)

0.31% (1)

Minimally
Effective

Highly
Effective

Effective

Exemplary

(33)
Exemplary

0

0

0.63% (2)

Investigating whether or not teachers were consistently classified in the last two years
under investigation, a weighted kappa coefficient of 0.198 was calculated on agreement in
classifications in 2013 and 2014 with the Equipercentile Model. Following the guidelines in
Table 4-4, we can describe the strength of agreement between teacher classifications across the
two years as poor; teachers were not consistently identified on their effectiveness in teaching in
2013 and 2014 with the Equipercentile Model. We can see from the main diagonal in
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Table 4-26 that 193 (60.69%) of the teachers were classified the same in 2013 and 2014
by the Equipercentile Model. The upper triangular portion of the table shows 62 (19.50%) of the
teachers increased at least one teacher classification level. The lower triangular portion of the
table shows 63 (19.81%) of teachers decreased at least one teacher classification level. Among
the 229 teachers identified as “Effective” in 2013, 205 (89.52%) were identified as “Effective” or
higher in 2014, while 24 (10.48%) decreased in teacher classification level. From Table 4-24 and

Table 4-26, we can see that the percentage of teachers consistently classified as
“Effective” or higher between 2012 and 2013 (89.47%) was about the same as the percentage
equally classified between 2013 and 2014 (89.52%).
From 2012-2014, each model classified less than 50% of teachers the same in all three
years. The Covariate Model consistently classified 48.43% (154) teachers the same, the Layered
Model consistently classified 45.28% (144) of teachers the same, the Equipercentile Model
consistently classified 44.03% (140) of teachers the same, and the Gains Model consistently

121

classified 49.37% (157) of teachers the same. No model consistently identified “Ineffective” or
“Exemplary” teachers consistently across the three years.
Table 4-27 below shows the frequencies and percentages of teachers classified
consistently by model.
Table 4-27
Frequency (Percents) of Teachers Consistently Classified by Model
Minimally
Highly
Ineffective
Effective
Effective
Effective

Exemplary

Gains Model

0

2 (1.3%)

150 (95.5%)

5 (3.2%)

0

Covariate
Model

0

3 (1.9%)

146 (94.8%)

5 (3.2%)

0

Layered
Model

0

0

140 (97.2%)

4 (2.8%)

0

1 (0.7%)

137 (97.9%)

2 (1.4%)

0

Equipercentile 0
Model

Further investigation revealed across all four models, only 16.35% of teachers were
classified the same in 2012, 17.71% in 2013, and 22.64% in 2014. The Covariate Model (3),
Gains Model (2) and Equipercentile Model (1) consistently identified any “Minimally Effective”
teachers from 2012 to 2014. Only one of these teachers was classified as “Minimally Effective”
by more than one model, the Covariate Model and the Gains Model. No teacher was classified
as “Highly Effective” by all four models across the three years. In none of the years did the
models consistently identify “Ineffective” teachers.
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Stability of Models across Subpopulations
A third area of interest with this research was whether or not teachers had consistent
results across models regardless of student demographic characteristics. Teachers were
categorized on poverty status as low (percentage falls below the 33rd percentile), medium
(percentage falls between the 33rd and 66th percentiles), or high (percentage is greater than or
equal to the 66th percentile) depending on the percent of students in their districts who
participated in the Free or Reduced School Lunch Program and on minority status in the same
fashion, depending on the percentage of students in the district who were neither White nor
Asian. Teachers were ranked within each subpopulation. Their rankings were correlated across
models. Table 4-28 through

Table 4-33 below provide this information below.

Table 4-28
2012 Spearman’s (rho) Correlations (Kendall’s tau) of Teacher Ranks by Models by Poverty
Status
N

Layered
Rank
123

Equipercentile
Rank

Covariate
Rank

Low Poverty

Medium
Poverty

High Poverty

123

126

69

Layered Rank

1.00

Equipercentile Rank

0.755 (0.597) 1.00

Covariate Rank

0.843 (0.673) 0.887 (0.735)

1.00

Gains Rank

0.835 (0.662) 0.923 (0.790)

0.983 (0.901)

Layered Rank

1.00

Equipercentile Rank

0.856 (0.814) 1.00

Covariate Rank

0.897 (0.885) 0.932 ( 0.915)

1.00

Gains Rank

0.893 (0.865) 0.956 (0.943)

0.981 (0.979)

Layered Rank

1.00

Equipercentile Rank

0.682 (0.528) 1.00

Covariate Rank

0.822 (0.654) 0.856 (0.708)

1.00

Gains Rank

0.730 (0.571) 0.945 (0.850)

0.931 (0.805)

Note. p < 0.001 for all Kendall tau calculations.
According to Kendall’s test of rank orders, in 2012 we can reject the null hypothesis that
there is no relationship among the ranks and conclude that the models agree on a similar ranking
of teachers within poverty groups. Spearman’s (rho) correlation coefficients indicate at least a
strong correlation among the rank orders of all the models across all poverty levels under
investigation. The strength of correlations in 2012 when broken down by poverty classification
are consistent with the correlation results in Table 4-2 across all poverty groups.
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The highest correlation in the low and medium poverty levels was the agreement in the
rankings calculated from the Gains Model and those calculated from the Covariate Model. That
correlation was the second highest for the high poverty group with only the correlation between
the Equipercentile Model and the Gains Model being slightly stronger. The lowest correlation in
all three poverty levels was the agreement in the rankings calculated from the Layered Model
and those calculated from the Equipercentile Model. When the correlations between the models
were ordered from strongest correlation to weakest correlation, the correlations in all three
poverty groups were ranked the same with only the exception between the first and second
correlation strengths within the high poverty group.
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Table 4-29
2013 Spearman’s (rho) Correlations (Kendall’s tau) of Teacher Ranks by Models by Poverty
Status
Layered Rank
Low Poverty

Medium
Poverty

High Poverty

N
127

144

47

Equipercentile
Rank

Covariate
Rank

Layered Rank

1.00

Equipercentile Rank

0.743 (0.591)

1.00

Covariate Rank

0.837 (0.678)

0.937 (0.806)

1.00

Gains Rank

0.807 (0.650)

0.966 (0.865)

0.979 (0.890)

Layered Rank

1.00

Equipercentile Rank

0.837 (0.668)

1.00

Covariate Rank

0.832 (0.663)

0.871 (0.715)

1.00

Gains Rank

0.834 (0.670)

0.823 (0.823)

0.829(0.828)

Layered Rank

1.00

Equipercentile Rank

0.850 (0.713)

1.00

Covariate Rank

0.871 ( 0.742)

0.855 (0.773)

1.00

Gains Rank

0.862 (0.736)

0.946 (0.853)

0.954 (0.873)

Note. p < 0.001 for all Kendall tau calculations.
According to Kendall’s test of rank orders, in 2013 we can reject the null hypothesis that
there is no relationship among the ranks and conclude that the models agree on a similar ranking
of teachers within poverty groups. Spearman’s (rho) correlation coefficients indicate at least a
strong correlation among the rank orders of all the models across all poverty levels under
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investigation. The strength of correlations in 2013 when broken down by poverty classification
are consistent with the correlation results in Table 4-2 across all poverty groups.
The strongest correlation in the low and high poverty levels was the agreement in the
rankings calculated from the Gains Model and those calculated from the Covariate Model. The
lowest correlation in the low and high poverty levels was the agreement in the rankings
calculated from the Layered Model and those calculated from the Equipercentile Model. The
weakest correlation for the medium poverty group was the agreement of teacher rankings
calculated from the Equipercentile Model and those from the Gains Model. When ordered from
strongest correlation to weakest correlation, the correlations between the low poverty group and
the high poverty group were almost identical. None of these rank orders of correlations between
models was the same as the medium poverty group.
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Table 4-30
2014 Spearman’s (rho) Correlations (Kendall’s tau) of Teacher Ranks by Models by Poverty
Status
Layered Rank
Low Poverty

Medium
Poverty

High Poverty

N
127

145

46

Equipercentile
Rank

Covariate
Rank

Layered Rank

1.00

Equipercentile Rank

0.860 (0.695)

1.00

Covariate Rank

0.919 (0.771)

0.950 (0.826)

1.00

Gains Rank

0.905 (0.755)

0.959 (0.850)

0.972 (0.876)

Layered Rank

1.00

Equipercentile Rank

0.792 (0.634)

1.00

Covariate Rank

0.841 (0.677)

0.915 (0.767)

1.00

Gains Rank

0.824 (0.666)

0.951 (0.834)

0.942 (0.805)

Layered Rank

1.00

Equipercentile Rank

0.717 (0.592)

1.00

Covariate Rank

0.820 (0.680)

0.872 (0.734)

1.00

Gains Rank

0.780 (0.644)

0.959 (0.874)

0.904 (0.770)

Note. p < 0.001 for all Kendall tau calculations.
According to Kendall’s test of rank orders, in 2014 we can reject the null hypothesis that
there is no relationship among the ranks and conclude that the models agree on a similar ranking
of teachers within poverty groups. Spearman’s (rho) correlation coefficients indicate at least a
strong correlation, among the rank orders of all the models across all poverty levels under
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investigation. The strength of correlations in 2014 when broken down by poverty classification is
slightly weaker than the 2014 correlation results in Table 4-2 where all correlations across all
poverty groups were very strongly correlated.
The strongest correlation in the medium and high poverty levels was the agreement in the
rankings calculated from the Gains Model and those calculated from the Equipercentile Model.
That was the second highest correlation for the low poverty group. The weakest correlation in all
three poverty levels was the agreement in the rankings calculated from the Layered Model and
those calculated from the Equipercentile Model. When ordered from strongest correlation to
weakest correlation, the correlations between the medium poverty group and the high poverty
group were identical. The low poverty group only deviated with the two strongest correlations
switched in rank.
The correlation results broken down by poverty groups were overall consistent in strength
to the correlation results in Table 4-2 where correlations were strong across all poverty groups.
While the order of strength of the correlations between models may have varied slightly across
poverty levels, as a whole, the correlational findings among teacher ranks were consistent with
those of the overall group. This indicates that, overall, decisions in model selection will not be
affected by disaggregating teachers by poverty classification.
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Table 4-31
2012 Spearman’s (rho) Correlations (Kendall’s tau) of Teacher Ranks by Models by Minority
Status

Low Minority

Medium
Minority

High Minority

N
72

94

Layered
Rank
1.00

Equipercentile
Rank

Equipercentile
Rank
Covariate Rank

0.817 (0.664)

1.00

0.826 (0.660)

0.915 (0.798)

1.00

Gains Rank

0.842 (0.678)

0.938 (0.825)

0.967 (0.887)

Layered Rank

1.00

Equipercentile
Rank
Covariate Rank

0.771 (0.630)

1.00

0.802 (0.656)

0.886 (0.741)

1.00

Gains Rank

0.815 (0.668)

0.934 (0.818)

0.972 (0.881)

Layered Rank

152 Layered Rank

Covariate
Rank

1.00

Equipercentile
Rank
Covariate Rank

0.685 (5.15)

1.00

0.799 (0.631)

0.874 (0.716)

1.00

Gains Rank

0.743 (0.569)

0.935 (0.814)

0.963 (0.854)

Note. p < 0.001 for all Kendall tau calculations.
According to Kendall’s test of rank orders, in 2012 we can reject the null hypothesis that
there is no relationship among the ranks and conclude that the models agree on a similar ranking
of teachers within minority groups. Spearman’s (rho) correlation coefficients indicate at least a
strong correlation among the rank orders of all the models across all minority levels under
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investigation. The strength of correlations in 2012 when broken down by minority classification
consistent with the correlation results in Table 4-2 across all minority groups.
The strongest correlation in all three minority levels was the agreement in the rankings
calculated from the Gains Model and those calculated from the Covariate Model. The weakest
correlation in all three minority levels was the agreement in the rankings calculated from the
Layered Model and those calculated from the Equipercentile Model. When ordered from
strongest correlation to weakest correlation, the correlations between the low minority group and
the medium minority group were identical. In the high minority group, the order in rankings of
teachers calculated from the Layered Model and the Covariate Model and those calculated from
the Layered Model and the Gains Model were switched compared to the low and medium
minority groups.
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Table 4-32
2013 Spearman’s (rho) Correlations (Kendall’s tau) of Teacher Ranks by Models by Minority
Status

Low Minority

Medium
Minority

High Minority

N
75

90

153

Layered Rank

Layered
Rank
1.00

Equipercentile Covariate
Rank
Rank

Equipercentile Rank

0.806 (0.637) 1.00

Covariate Rank

0.847 (0.682) 0.936 (0.823)

1.00

Gains Rank

0.836 (0.666) 0.965 (0.876)

0.971 (0.888)

Layered Rank

1.00

Equipercentile Rank

0.818 (0.660) 1.00

Covariate Rank

0.903 (0.750) 0.925 (0.802)

1.00

Gains Rank

0.879 (0.730) 0.963 (0.862)

0.979 (0.907)

Layered Rank

1.00

Equipercentile Rank

0.823 (0.665) 1.00

Covariate Rank

0.821 (0.656) 0.865 (0.705)

1.00

Gains Rank

0.836 (0.680) 0.941 (0.817)

0.951 (0.828)

Note. p < 0.001 for all Kendall tau calculations.
According to Kendall’s test of rank orders, in 2013 we can reject the null hypothesis that
there is no relationship among the ranks and conclude that the models agree on a similar ranking
of teachers within minority groups. Spearman’s (rho) correlation coefficients indicate at least a
strong correlation, among the rank orders of all the models across all minority levels under
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investigation. The strength of correlations in 2013 when broken down by minority classification
were consistent with the correlation results in Table 4-2 across all minority groups.
The strongest correlation all three minority groups was the agreement in the rankings
calculated from the Gains Model and those calculated from the Covariate Model. The weakest
correlation in the low and medium minority groups was the agreement in the rankings calculated
from the Layered Model and those calculated from the Equipercentile Model. This was the
second weakest for the high minority group. When ordered from strongest correlation to weakest
correlation, the correlations in the low and medium minority groups are identical. The three
strongest correlations are identical in all minority groups.
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Table 4-33
2014 Spearman’s (rho) Correlations (Kendall’s tau) of Teacher Ranks by Models by Minority
Status
N
Low Minority

Medium
Minority

High Minority

71

87

160

Layered Rank

Layered
Rank
1.00

Equipercentil
e Rank

Covariate
Rank

Equipercentile Rank

0.765 (0.597) 1.00

Covariate Rank

0.828 (0.657) 0.920 (0.790) 1.00

Gains Rank

0.833 (0.683) 0.949 (0.851) 0.952 (0.836)

Layered Rank

1.00

Equipercentile Rank

0.828 (0.668) 1.00

Covariate Rank

0.900 (0.762) 0.927 (0.798) 1.00

Gains Rank

0.889 (0.744) 0.943 (0.832) 0.973 (0.886)

Layered Rank

1.00

Equipercentile Rank

0.743 (0.582) 1.00

Covariate Rank

0.805 (0.635) 0.886 (0.725) 1.00

Gains Rank

0.785 (0.625) 0.946 (0.821) 0.918 (0.769)

Note. p < 0.001 for all Kendall tau calculations.
According to Kendall’s test of rank orders, in 2014 we can reject the null hypothesis that
there is no relationship among the ranks and conclude that the models agree on a similar ranking
of teachers within minority groups. Spearman’s (rho) correlation coefficients indicate at least a
strong correlation, among the rank orders of all the models across all minority levels under
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investigation. The strength of correlations in 2014 when broken down by minority classification
is slightly weaker than the 2014 correlation results in Table 4-2 where all correlations across all
minority groups were very strongly correlated.
The strongest correlation for the low and medium minority groups was the agreement in
the rankings calculated from the Gains Model and those calculated from the Covariate Model.
This was the second strongest correlation for the high minority group. The weakest correlation
among all three minority levels was the agreement in the rankings calculated from the Layered
Model and those calculated from the Equipercentile Model. No two minority groups in 2014 had
the exact same ranking of between model correlations.
The correlation results broken down by minority groups were overall consistent in
strength to the correlation results in Table 4-2 where correlations were strong across all minority
groups. While the order of the strength of correlations between models may have varied slightly
across minority levels, as a whole, the correlational findings among teacher ranks were
consistent with those of the overall group. This indicates that, overall, decisions in model
selection will not be affected by disaggregating teachers by minority classification.
With all the information from Table 4-28 through

Table 4-33 put together, the weakest correlations for all poverty groups and all minority groups,
were those that existed between the rankings of teachers in the Equipercentile Model and the
rankings of teachers in the Layered Model. Eleven of the 18 subpopulations of poverty groups
and minority groups through the three years showed the strongest agreement in the rankings of
teachers between the Covariate Model and the Gains Model.
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Table 4-34 below display the percentages and frequencies of teachers in each poverty and
minority category from 2012-2014. From 2012 to 2014 it can be seen that the largest number of
teachers in my cohort were categorized as medium poverty. The majority of these same teachers
were categorized as high minority.
Table 4-34
Percentage (number) of Teachers in Each Poverty and Minority Categorization across years
Percent Poverty (N)

Percent Minority (N)

Low

Medium

High

Low

Medium

High

2012

38.68%
(123)

39.62%
(126)

21.70%
(69)

22.64%
(72)

29.56%
(94)

47.80%
(152)

2013

39.94%
(127)

45.28%
(144)

14.78%
(47)

23.58%
(75)

28.30%
(90)

48.11%
(153)

2014

39.94%
(127)

45.60%
(145)

14.47%
(46)

22.33%
(71)

27.36%
(87)

50.31%
(160)

Table 4-35 to Table 4-40 compare the percentages (number) of teachers classified as
Ineffective, Minimally Effective, Effective, Highly Effective or Exemplary by minority and
poverty status, respectively, for each model across the three years.
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Table 4-35
2012 Percentages (number) of Teachers Classified as Ineffective – Exemplary by District Level
Categorization of Minority Status across Models
Ineffective

Minimally
Effective
Effective

Highly
Effective

Exemplary

Layered
Model
Low

High

1.97%
(3)

16.67%
(12)
10.64%
(10)
9.21%
(14)

Low

1.39%
(1)
2.13%
(2)
1.32%
(2)

15.28%
(11)
8.51%
(8)
7.89%
(12)

77.78%
(56)
78.72%
(74)
76.97%
(117)

11.11%
(8)
10.64%
(10)
10.53%
(16)
13.89%
(10)
7.45%
(7)
11.84%
(18)

Med

1.39%
(1)
0

76.39%
(55)
75.53%
(71)
71.05%
(108)

4.17%
(3)
11.70%
(11)
14.47%
(22)

1.39%
(1)
2.13%
(2)
3.29%
(5)

5.56% (4)

0

Equipercentile
Model

Med
High

10.64%
(10)
11.18%
(17)

2.63%
(4)

83.33%
(60)
74.47%
(70)
72.37%
(110)

4.17%
(3)
13.83%
(13)
15.13%
(23)

1.39%
(1)
1.06%
(1)
1.97%
(3)

79.17%
(57)
76.60%
(72)
70.39%
(107)

5.56%
(4)
13.83%
(13)
13.82%
(21)

1.39%
(1)
1.06%
(1)
3.29%
(5)

0

Covariate
Model
Low
Med
High

0
0
0

Gains Model
Low
Med
High

0
1.06%
(1)
0.66%
(1)

In 2012, the largest percentage of teachers for each minority category are classified as
“Effective” across the four models. In all four models, teachers categorized as belonging to
schools with a low minority percentage had fewer teachers classified as “Highly Effective” than
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“Minimally Effective” which is the opposite of the occurrences in the medium and high minority
groups.
Table 4-36
2013 Percentages (number) of Teachers Classified as Ineffective – Exemplary by District Level
Categorization of Minority Status across Models
Ineffective

Minimally
Effective
Effective

Highly
Effective

Exemplary

Layered
Model
Low
Med
High

0
1.11%
(1)
2.61%
(4)

6.67%
(5)
6.67%
(6)
8.50%
(13)

77.33%
(58)
74.44%
(67)
75.16%
(115)

13.33%
(10)
16.67%
(15)
12.42%
(19)

2.67%
(2)
1.11%
(1)
1.31%
(2)

9.33%
(7)
7.78%
(7)
13.07%
(20)

72.00%
(54)
77.78%
(70)
68.63%
(105)

14.67%
(11)
13.33%
(12)
16.34%
(25)

4.00%
(3)

4.00%
(3)
5.56%
(5)
12.42%
(19)

77.33%
(58)
77.78%
(70)
69.93%
(107)

17.33%
(13)
13.33%
(12)
15.03%
(23)

1.33%
(1)
2.22%
(2)

8.00%
(6)
7.78%
(7)
13.73%
(21)

76.00%
(57)
78.89%
(71)
68.63%
(105)

12.00%
(9)
11.11%
(10)
15.03%
(23)

4.00%
(3)
1.11%
(1)
1.31%
(2)

Equipercentile
Model
Low
Med
High

0
1.11%
(1)
1.31%
(2)

0
0.65%
(1)

Covariate
Model
Low
Med
High

0
1.11%
(1)
2.61%
(4)

0

Gains Model
Low
Med
High

0
1.11%
(1)
1.31%
(2)
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In 2013, the largest percentage of teachers for each minority category are classified as
“Effective” across the four models with the second largest percentage identifying teachers as
“Highly Effective”. The all four models have a larger percentage of teachers identified as
“Minimally Effective” in the high minority group than identified in the low and medium
minority groups.
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Table 4-37
2014 Percentages (number) of Teachers Classified as Ineffective – Exemplary by District Level
Categorization of Minority Status across Models
Ineffective

Minimally
Effective
Effective

Highly
Effective

Exemplary

Layered
Model
Low
Med

0
0

High

1.88%
(3)

Low

0.31%
(1)

4.23%
(3)
6.90%
(6)
11.88%
(19)

81.69%
(58)
78.16%
(68)
71.88%
(115)

11.27%
(8)
12.64%
(11)
13.13%
(21)

2.82%
(2)
2.30%
(2)
1.25%
(2)

11.27%
(8)
10.34%
(9)
8.13%
(13)

71.83%
(51)
72.41%
(63)
74.38%
(119)

11.27%
(8)
16.09%
(14)
13.13%
(21)

4.23%
(3)
1.15 %
(1)
1.25%
(2)

5.63%
(4)
8.05%
(7)
8.75%
(14)

81.69%
(58)
72.41%
(63)
72.50%
(116)

12.68%
(9)
18.39%
(16)
15.00%
(24)

5.63%
(4)
9.20%
(8)
9.38%
(15)

84.51%
(60)
80.46%
(70)
79.38%
(127)

9.86%
(7)
10.34%
(9)
8.75%
(14)

Equipercentile
Model

Med
High

0
3.13%
(5)

Covariate
Model
Low
Med
High

0
0
1.88%
(3)

0
1.15%
(1)
1.88%
(3)

Gains Model
Low
Med
High

0
0
0.63%
(1)

0
0
1.88%
(3)

In 2014, the largest percentage of teachers for each minority category are classified as
“Effective” across the four models. With two exceptions, there are more teachers classified as
“Highly Effective” than “Minimally Effective”. One of the two exceptions has an equal number
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of teachers categorized as “Minimally Effective” and “Highly Effective”, while the other
exception saw only one more teacher categorized as “Minimally Effective” than “Highly
Effective”. In only one model, the Equipercentile Model, a teacher is identified as “Ineffective”
for the low and medium minority levels.
Each model was examined across minority levels and years and compared to the overall
distributions reported in
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Table 4-3. Consistent with
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Table 4-3, the largest percentage of teachers were categorized as “Effective” across all models,
years, and minority groups. The Covariate Model and the Equipercentile Model had similar
trends across poverty levels and years with each showing a higher percentage of teachers
identified as “Highly Effective” than “Minimally Effective”. In 2012, the Covariate Model
identified a higher percentage of teachers in the high minority group as “Exemplary” than the
other two minority groups.
The Gains Model was dissimilar to the overall distribution in 2012 with a higher
percentage of teachers in the low minority group identified as “Minimally Effective” than
“Highly Effective.” In 2013 and 2014, the Gains Model had symmetric distributions across the
teacher classification categories which was consistent with the models across minority groups in
those years.
In 2012, the Layered Model distributions for the low minority and high minority groups
were different than the distribution across all minority groups. While the overall distribution was
relatively symmetric, the low minority group identified a higher percentage of “Minimally
Effective” teachers while the high minority group identified a higher percentage of “Highly
Effective” teachers.

Table 4-38
2012 Percentages (number) of Teachers Classified as Ineffective – Exemplary by District Level
Categorization of Poverty Status across Models
Ineffective

Minimally
Effective

Layered
Model

143

Effective

Highly
Effective

Exemplary

Low
Med
High

1.59%
(2)
2.90%
(2)

11.38%
(14)
10.32%
(13)
13.04%
(9)

76.42%
(94)
73.02%
(92)
69.57%
(48)

10.57%
(13)
11.11%
(14)
13.04%
(9)

0.81%
(1)
2.38%
(3)
1.45%
(1)

13.01%
(16)
7.94%
(10)
7.25%
(5)

77.24%
(95)
76.19%
(96)
81.16%
(56)

8.94%
(11)
10.32%
(13)
10.14%
(7)

3.17 %
(4)

10.57%
(13)
9.52%
(12)
13.04%
(9)

77.24%
(95)
74.60%
(94)
73.91%
(51)

11.38%
(14)
13.49%
(17)
11.59%
(8)

0.81%
(1)
2.38%
(3)
1.45%
(1)

11.38%
(14)
8.73%
(11)
14.49%
(10)

75.61%
(93)
72.22%
(91)
75.36%
(52)

12.20%
(15)
15.08%
(19)
5.80%
(4)

0.81%
(1)
3.17%
(4)
2.90%
(2)

0

1.63%
(2)
3.97%
(5)
1.45%
(1)

Equipercentile
Model
Low
Med
High

0

0

Covariate
Model
Low

0

Med

0

High

0

Low

0

Gains Model

Med
High

0.79%
(1)
1.45%
(1)

In 2012, the largest percentage of teachers for each poverty category are classified as
“Effective” across the four models with the second largest percentage identifying teachers as
“Highly Effective” with the exception of the Gains Model for the high poverty group where six
more students were classified as “Minimally Effective” than “Highly Effective” and the Layered
Model for low and high poverty groups where there were equally “Minimally Effective” teachers
and the “Highly Effective” teachers for the high poverty group and only a deviation 1 in number
of teachers identified those two classifications. No teachers categorized as low poverty were
identified as “Ineffective” with any of the models for this cohort of teachers.
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Table 4-39
2013 Percentages (number) of Teachers Classified as Ineffective – Exemplary by District Level
Categorization of Poverty Status across Models
Ineffective

Minimally
Effective

Effective

Highly
Effective

6.30%
(8)
4.86%
(7)
19.15%
(9)

72.44%
(92)
81.94%
(118)
63.83%
(30)

17.32%
(22)
12.50%
(18)
8.51%
(4)

2.36%
(3)
0.69%
(1)
2.13%
(1)

10.24%
(13)
7.64%
(11)
21.28%
(10)

70.87%
(90)
73.61%
(106)
70.21%
(33)

16.54%
(21)
16.67%
(24)
6.38%
(3)

0.79 %
(1)
2.08%
(3)

6.30%
(8)
8.33%
(12)
14.89%
(7)

76.38%
(97)
73.61%
(106)
68.09%
(32)

14.96%
(19)
17.36%
(25)
8.51%
(4)

1.57%
(2)
0.69%
(1)

9.45%
(12)
7.64%
(11)
23.40%
(11)

72.44%
(92)
75.69%
(109)
68.09%
(32)

14.96%
(19)
13.89%
(20)
6.38%
(3)

1.57%
(2)
2.78%
(4)

Exemplary

Layered
Model
Low
Med

1.57%
(2)
0

High

6.38%
(3)

Low

1.57%
(2)

Equipercentile
Model

Med

0

High

2.13%
(1)

Low

0.79%
(1)

0

Covariate
Model

Med

0

High

8.51%
(4)

Low

1.57%
(2)

0

Gains Model

Med
High

0
2.13%
(1)

0

In 2013, the largest percentage of teachers for each poverty category are classified as
“Effective” across the four models with the second largest percentage identifying teachers as
“Highly Effective” with the exception of the Gains Model and Layered Model for the high

146

poverty group where more teachers were classified as “Minimally Effective” than “Highly
Effective”.
Table 4-40
2014 Percentages (number) of Teachers Classified as Ineffective – Exemplary by District Level
Categorization of Poverty Status across Models
Effective

Highly
Effective

12.60%
(16)
5.52%
(8)
8.70%
(4)

74.02%
(94)
77.93%
(113)
73.91%
(34)

10.24%
(13)
14.48%
(21)
13.04%
(6)

3.15%
(4)
0.69%
(1)
2.17%
(1)

7.87%
(10)
8.28%
(12)
17.39%
(8)

72.44%
(92)
74.48%
(108)
71.74%
(33)

14.17 %
(18)
13.79%
(20)
10.87%
(5)

2.36%
(3)
2.07%
(3)

0.79%
(1)
0.69%
(1)
2.17%
(1)

8.66%
(11)
6.90%
(10)
8.70%
(4)

73.23%
(93)
73.10%
(106)
82.61%
(38)

16.54%
(21)
17.24%
(25)
6.52%
(3)

0.79%
(1)
2.07%
(3)

0.79%
(1)

7.87%
(10)
6.21%
(9)
17.39%
(8)

81.10%
(103)
81.38%
(118)
78.26%
(36)

10.24%
(13)
10.34%
(15)
4.35%
(2)

Ineffective

Minimally
Effective

Exemplary

Layered
Model
Low
Med
High

0
1.38%
(2)
2.17%
(1)

Equipercentile
Model
Low
Med
High

3.15%
(4)
1.38%
(2)
0

0

Covariate
Model
Low
Med
High

0

Gains Model
Low
Med
High

0
0
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0
2.07%
(3)
0

In 2014, the largest percentage of teachers for each poverty category are classified as
“Effective” across the four models with the second largest percentage identifying teachers as
“Highly Effective” with the exception of the Gains Model for the high poverty group where six
more students were classified as “Minimally Effective” than “Highly Effective” and the Layered
Model for the low poverty groups where the number of “Minimally Effective” teachers
identified exceeded the number of “Highly Effective” teachers by three.
Each model was examined across poverty levels and years and compared to the overall
distributions reported in
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Table 4-3. Consistent with
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Table 4-3, the largest percentage of teachers were categorized as “Effective” across all
models, years, and poverty groups. In 2012 and 2014, the Covariate Model was consistent with
the overall model where both identified a higher percentage of “Highly Effective” teachers than
“Minimally Effective” teachers. In 2013, it is of interest that all but one of the “Ineffective”
teachers identified belonged to the high poverty group.
The Gains Model disaggregated by poverty group was dissimilar to the symmetric overall
distribution in 2012. Disaggregated, a higher percentage of teachers in the medium poverty
group identified as “Highly Effective” than “Minimally Effective” and a higher percentage of
teachers in the high poverty group identified as “Minimally Effective” than “Highly Effective.”
In 2013 and 2014, the Gains Model had symmetric distributions across the teacher classification
categories for the medium and low poverty groups, but the high poverty group in both years
identified a higher percentage of “Minimally Effective” teachers than “Highly Effective”
teachers that would have been expected by the symmetric distributions across all poverty groups.
For 2012, 2013 and 2014, the overall distributions of teachers across poverty
classifications for the Layered Model were relatively symmetric. In 2012, when disaggregated by
poverty level, the distributions across poverty levels were similar. In 2013 however, when
disaggregated across poverty levels, there was a higher percentage of high poverty teachers
identified as “Minimally Effective” than “Highly Effective”. And in 2014, there was a higher
percentage of low poverty teachers identified as “Minimally Effective” than “Highly Effective”,
but the low poverty group identified more teachers as “Exemplary” than expected.
Across all poverty groups, in 2012, the Equipercentile Model showed equal percentages
of teachers classified as “Highly Effective” and “Minimally Effective” whereas in 2014 and
2013 there were a higher percentage of teachers classified as “Highly Effective” than “Minimally
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Effective”. When disaggregated by poverty level, in 2012 the low poverty group had a higher
percentage of “Minimally Effective” teachers than “Highly Effective” teachers. And in 2013 and
2014, the high poverty group also identified a higher percentage of “Minimally Effective”
teachers than “Highly Effective” teachers.
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Chapter 5: Discussion
The present study used student results on the Arkansas State Benchmark (ABE) exam to
calculate measures of teacher effectiveness through four different models: a Gain Score Model
(GM), a Covariate Adjusted Model (CM), a Layered Model (LM), and an Equipercentile Model
(EM). This study was designed to compare the results of the four models on their consistency to
rank a cohort of fifth grade teachers via their calculated measure of teacher effectiveness; are the
conclusions that one could derive about a teacher’s effectiveness similar regardless of the model
chosen to calculate a teacher’s effectiveness? This study investigated, specifically, if teacher
ranks were similar across models and across time within each model. It is thought by the
researcher that if each of the models do in fact provide consistent results, school districts would
opt to choose the least costly model when calculating a teacher effectiveness rating.
In 2002, NCLB called for all schools to employ “highly qualified teachers (HQT)” in
“core academic subjects” by the end of the 2005-2006 school year where individual states were
allowed to define HQT independently. At this time, HQT was mostly defined across the states as
having 1) a bachelor’s degree, 2) full state certification, and 3) demonstrated knowledge of
subject matter in the field they teach. In 2009, the government implemented the Race To The
Top (RTTT) program in which the requirement of staffing all classrooms with a “highly
qualified” teacher was replaced with staffing all classrooms with a “highly effective” teacher. A
highly effective teacher is one whose students achieve acceptable rates of growth where an
acceptable rate of growth is considered one grade level per academic school year. Essentially, in
order for teachers to be considered effective, student learning and outcomes are increased “at or
above what is expected within a typical school year” (Lomax & Kuenzi, 2012). To this end, a
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significant component of RTTT was that teacher evaluations must be based in part on student
growth.
Research has shown that the teacher is the largest contributor to a child’s education
(George, Hoxby, Reyes, & Welch, 2005; Wright, Horn, & Sanders, 1997). This study did not
seek to predict whether a teacher would be effective with a particular class in a given year, rather
the intent was to evaluate the contributions each teacher had toward their students; did the
students make appropriate learning gains or was the student’s academic progress impeded?
The ability to evaluate teachers based on student gains is paramount in the effort towards
identifying important characteristics that make teachers effective. Sanders and Rivers (1996)
argued in their study that the effects of ineffective teachers is cumulative and additive; the
residual effects of the ineffective teacher can still be measured in subsequent years. In fact
according to their research, teacher sequencing can result in a difference of 50 percentile points
in student achievement over the course of three years. Other studies have shown that an effective
teacher is the most critical school-based factor contributing to student learning (Kane et al.,
2008; Rivkin, Steven, Hanushek, Eric, Kain, 2005; Wright et al., 1997).
Value-added analysis is a statistical technique used to partition out the effects a teacher or
school has had on student learning by measuring student academic growth over time (The
Teacher Advancement Program, n.d.). But educators need to understand that not all methods will
produce the same results and decisions made from the calculated effects by one model may not
be the same decisions that would be made if a different model was used to calculate the effects.
Possible consequences include: undue promotion or demotion, awarding or denying incentive
pay, or incorrectly identifying or failing to identify teachers in need of remediation. It was the
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purpose of this study to compare four models on their abilities to equally partition out these
effects.
States have to take in many considerations when deciding which model to employ to
measure teacher effects. Some of those considerations include: ease and expense of computation,
ability of the results to be understood, political ramifications, and consequences of model
selection (dismissal, etc.). While some models are easy to compute and understand, are less
expensive and do not require multiple years of data, they do not consider a students’ initial
achievement level, adjust for background characteristics or other factors such as measurement
error. Yet other models said to provide relatively precise estimations, require several years of
data, are expensive and complex. The complexity of these models makes it difficult for the
school administration to understand the calculations and therefore the results.
Value Added Models (VAMs) and growth models both measure growth over time.
However while the models are similar in goal, they differ in design. VAMs are a specific type of
growth model that aim to identify to what extent can the gains/losses in student achievement be
attributed to a specific teacher (Reform Support Network, 2011) and the generic “growth model”
is simply an unadjusted case of the VAM (Ligon, 2008); i.e. it does not “control for” the
influence of selected factors such as socioeconomic status through use of a comparison group or
expected score.
While statistical models can account for much variation, they are not able to account for
all influential factors. Confounding variables that may contribute (positively or negatively) to
student outcomes other than the teacher include but are not limited to: the school (atmosphere,
policies, administration, etc.), peer-to-peer interaction, individual past experiences, parental
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involvement, and accessible resources. It is these confounding variables that make it difficult to
parse out the student gains/losses that are attributed to the teacher.
Two of the four models included in this study do account for certain external variables in
an attempt to eliminate some systematic error and improve the inferential statistics. The CM
accounted for membership in English language programs, poverty level, and for students who
have disabilities. Also, although the LM did not explicitly include the aforementioned covariates,
by using at least three years of data, each student in the model serves as his or her own
control(Sanders & Horn, 1994) negating the need for demographic variables (Weisberg et al.,
2009) to serve as covariates; students’ demographics are assumed to remain constant over time.
Although there is appeal to account for systematic error, inclusion of some of these
demographic variables can lead the public to think that students with certain demographic
characteristics are not expected to perform as well as others. Consider the example of Johnny and
Timmy presented in Chapter 1, where despite their exact same prior end-of-year test scores for
third through sixth grades, with race included as a covariate, Timmy was expected to score lower
in seventh grade than Johnny just because he was black. Nevertheless, according to Jencks
(1998), in America, 75% of white students score above the typical black student. So is it fair to
teachers to not include race information when calculating their effect scores? Despite
understandings of typical impacts of race on a student’s education, it is neither politically correct
nor morally correct to assume that two students starting at the same ability level, with all other
factors consistent, less race, would have different projected academic trajectories.
Models
The present study compared three VAMs (Layered Model (LM), Gain Score Model
(GM), and Covariate Adjusted Model (CM)) and one growth-model (Equipercentile Model
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(EM)) on their consistency in ranking teachers between the models and within each model.
Individual student effects were calculated via the models then aggregated to the teacher level
providing an effect score for each teacher.
The GM defined the student effect as the gain a student made throughout the school year
by calculating differences in student scores for one content area between two years. A teacher’s
gain score was calculated as the average of the differences for all their students in a given year
for a given subject. The comparison group for the purpose of this study consisted of the regional
average calculated as the mean of all fifth grade math gains in the region. The regional average
was subtracted from the teacher’s gain score to produce the teacher effect. Teachers with the
largest average year-to-year gain (i.e., students showing the biggest gain in achievement) are
thought to be the best teachers. The GM is only applicable to scores from tests that are
administered in adjacent grades and measured on a single developmental scale. In Arkansas, this
model would only be applicable in grades 4-8.
The CM produced a student effect by modeling the current year’s test score as a function
of prior test scores along with participation in the ELL and SPED programs and poverty
classification as measured by inclusion in the Free/Reduced Lunch Program. The model results
included a post hoc predicted score. Teacher effects were calculated as the average difference
students have between their actual scores and their predicted scores for a given year (Wei et al.,
2012). Differences from the regional mean were not needed as the differences produced the same
ranking as residuals.
According to Maxwell & Delaney (2004), inclusion of covariates reduces the amount of
variability within-group. This reduction in variability results in an increase in power and
precision of estimating teacher effects. Yet some statisticians caution the use of CM to measure
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teacher effectiveness (Rowan et al., 2002) stating CMs do not sufficiently measure changes to
student achievement (Rogosa, 1995; Stoolmiller & Bank, 1995).
The LM defined a student effect as the gain a student made while including prior teacher
effect scores as covariates. Estimates produced by the model expressed a gain/loss as a deviation
from the average gain of the region. Including prior teacher effect scores in the model provides
teachers a layer of protection against misclassification (Sanders, 2000). The LM included prior
teacher effects strictly as random effects with the inclusion of all teachers a priori considered
“average” (a teacher effect of zero) (Sanders & Horn, 1994; Wright et al., 2010). The LM does
not require the inclusion of demographic covariates. With three years of data, each student in the
model serves as his or her own control (Sanders & Horn, 1994) negating the need for
demographic variables (Weisberg et al., 2009) to serve as covariates; students’ demographics are
assumed to remain constant over time.
Through the LM, teacher effects are calculated as the average of the students’ effects for
all students in his/her classroom. Although regional averages were the control across all valueadded models in this study, the regional effect in the LM was accounted for in the student model
and thus the teacher effects do not need to be the difference between the teacher average and the
regional average.
The EM calculated a student effect by examining changes in achievement of an
individual student relative to other students in the same academic peer group, a normative
quantification of growth (Georgia Department of Education Teacher Keys Evaluation System
Facts Sheet; Johnson, L., 2009). The academic growth or loss for a student is determined by
subtracting the score the student would have earned on the second measure had he scored at the
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same percentile rank (thus, no growth or decay) as the first measure from the actual score earned
on the second measure.
Unlike the VAM models above that specify the contribution of the teacher to a given
group of students, the EM is a descriptive measure that makes no assertion about the cause of
student growth (Betebenner, 2009; Reform Support Network, 2011); only that the student did
grow or decline. A teacher effect is the median growth percentile rather than the mean as used in
the VAM.
There are pros and cons to each of the methods of calculating teacher effects mentioned
above. Three of the four models (CM, GM and EM) require complete data for each student for
inclusion in the model. Although the LM does not require a complete data for each student, at
least three years of data are needed on each cohort for an estimate to be calculated. The EM and
LM lack transparency in calculation and require specialized software to run the models. Despite
the lack of transparency in calculations, while the EM is intuitive to stakeholders, the LM is
difficult to explain. Refer to Table 2-3 (p. 38) for further comparison of the advantages and
disadvantages of each model.
Measure
Three hundred eighteen teachers across the five educational regions in Arkansas were
selected for inclusion in the study following the criteria that each taught fifth grade from 20122014 in the same district with at least 20 non-mobile students who followed a normal educational
trajectory (no advancement or retention of grade level) each year. State mathematics benchmark
scores for each student were used in the calculations of teacher effects by each model. The state
test consisted of 40 multiple-choice items and five operational open-response items each
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distributed evenly across five strands (Number and Operations, Algebra, Geometry,
Measurement, and Data Analysis and Probability) for a total possible raw score of 80.
The Benchmark Exam Technical Reports 2012-2014 provided Content-Related Evidence
and Evidence of Internal Structure from which the exam is determined to be valid. Face validity,
curricular validity and lack of content bias through a content review committee composed of
teachers, contents specialists, assessment specialists and staff from the SEA provided evidence of
content validity. The relationship, particularly correlation, between the items on the test can be
defined as the Internal Structure of the exam; the test needs items that are related to the criterion,
but that are not all measuring the same skill. A measure of validity provides support that the
instrument is measuring what it purports to measure. The correlations across all strands and years
ranged from 0.47 to 0.62. All correlations are provided in Tables 3-5 to 3-7 on pages 51-52.
The reliability of an instrument refers to the overall consistency of a measure; the degree
to which scores for a student remain consistent. Sources from which the exam was determined to
be reliable are a measure of Internal Consistency and the Standard Error of Measurement.
Stratified Alpha method was used to measure the degree of internal consistency. The test
reliabilities for the fifth grade cohort from 2012-2014 were 0.88, 0.87 and 0.87, respectively,
indicating good reliability.
The Standard Error of Measurement provides an estimate in the amount of error in an
individual’s observed test score; it can be thought of as the standard deviation of an individual’s
observed scores from their true score (the standard deviation of test error scores). The Standard
Error of Measurement is estimated using the reliability of a measure and the standard deviation
of a set of test scores. This information helps to estimate the ways error scores are impacting true
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scores on the test. The smaller the Standard Error of Measurement, the more reliable the test is.
The conditional standard error raw scores ranged from 3.2 points to 4.8 points.
Research Questions
The focus of this study was to compare results of four different statistical models on:
1) their abilities to provide consistent measures of teacher effectiveness across the four
models.
2) the ability for each model to provide consistent measures across time and
3) the ability for each model to provide consistent measures for similar teachers regardless
of student background characteristics
leading to the following research questions.
Research question 1. Will the rank order of estimates of teacher effects differ depending
on the model chosen to measure the teacher effects?
Research question 2. Will the rank order of estimates of teacher effects be correlated
across the time demonstrating stability in the models, i.e. a teacher ranked third in 2013 will
receive a same rank of 3 in 2014?
Research question 3. Will models measuring teacher effects have consistent results for
similar teachers regardless of student background characteristics?
Spearman’s (rho) correlation coefficient along with Kendall’s coefficient of concordance
(W)3, used to measure agreement among rankings, were calculated to address each of the
research questions. To answer the first question, the rankings of each teacher according to their
estimated measure of teacher effectiveness were compared across the four models. To answer the
second question, correlations of teacher effectiveness ratings were compared within each model.

Spearman’s (rho) correlation coefficient is reported for ease of understanding the strength of
agreement while Kendall’s W provides readers a more direct interpretation of observing the
concordant and discordant pairs.
3

160

To answer the third question, teachers were first categorized as high, medium or low poverty by
the percentage of students in their district participating in the free/reduced lunch program and as
high, medium or low minority by the percentage of students in their district that are considered
minority, all students other than white and Asian students. Teachers were ranked within each
category and the rankings were compared across the four models.
Rankings Across Models
The first research question inquired whether or not teachers were receiving the same
rankings regardless of the model chosen to calculate their teacher effectiveness score. This
investigation yielded strong correlations between the rankings of teachers across models and
across years. Meaning, the rankings for the teachers in this cohort were similar in 2012, 2013 and
2014 for all pairs of models. With this information, statistically we can reject the null hypothesis
that the models are uncorrelated and conclude the models agree on a similar ranking of teaches.
The only correlation less than 0.8 was the correlation of rankings between the Equipercentile
Model and the Layered Model in 2012, yet this correlation of 0.77 is still classified as a strong
correlation according to the guidelines in Table 3-8 on page 72. The strongest association was
the correlation between the Covariate Model and the Gains Model in 2013 (0.98) and 2013
(0.97), and that between the Equipercentile Model and Gains Model in 2014 (0.96).
Providing teachers with an effectiveness classification will help teachers understand their
effect score relative to their peers. Without this classification, effectiveness scores give little
meaning. Therefore, in addition to comparing rank order of teachers in each model, teachers,
teachers were also classified as Ineffective (𝑥 < 𝜇 − 2𝜎), Minimally Effective (𝜇 − 2𝜎 < 𝑥 <
𝜇 − 𝜎), Effective (𝜇 − 𝜎 < 𝑥 < 𝜇 + 𝜎), Maximally Effective (𝜇 + 𝜎 < 𝑥 < 𝜇 + 2𝜎) or
Exemplary (𝑥 > 𝜇 + 2𝜎) based on their teacher effectiveness measure within each model.
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The majority of teachers in the cohort under investigation were classified as “Effective”
across all models and years.
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Table 4-3 (p. 95) shows the percentages ranged from 73.58% to 77.67% in 2012, 72.01%
to 75.47% in 2013, and 73.27% to 80.82% in 2014. Of particular interest, the Covariate Model
did not identify any teachers in this cohort as “Ineffective” in 2012 whereas each other model
identified as least one teacher as “Ineffective” across the years.
Following the inquiry into whether or not the models ranked teachers similarly across all
the models, it was of interest to see if the models classified teachers similarly across the models.

Table 4-5 to
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Table 4-10 (pages 97-102) show the consistency in classifications between each of the models.
Across all four models, 207 (65%) of the teachers were consistently identified as belonging to
the same category in 2014. Of those categorizations, 188 (91%) were identified as “Effective”,
10 (5%) were identified as “Highly Effective”, seven (3%) as “Minimally Effective” and one as
“Exemplary”. A Kappa coefficient was calculated to determine strength of agreement between
classifications. The Kappa coefficients indicated moderate to substantial agreement across the
classifications.
Overall, the statistical results referenced above indicate that regardless of the model
chosen to calculate a measure of teacher effectiveness, the results are highly comparable. The
data does not support that one model is superior to any other model in its ability to consistently
classify a teacher.
Rankings Over Time
The second research question questioned whether or not each model ranked teachers
consistently over time. To answer this, correlations were calculated within each model across the
three years. For all models, the correlations within each model between 2012, 2013 and 2014
showed moderate to strong agreement. The correlations range from 0.550 to 0.628 for the
Covariate Model, 0.488 to 0.592 for the Layered Model, 0.512 to 0.611 for the Gains Model and
0.496 to 0.552 for the Equipercentile Model. According to Kendall’s test of rank orders, for any
of the models presented we can reject the null hypothesis that the ranks are uncorrelated and
conclude that the models agree on a similar ranking.
A secondary investigation inquired if the teachers were classified consistently across the
years as Ineffective, Minimally Effective, Effective, Highly Effective or Exemplary. According
to the calculated Kappa coefficients included in pages 106-119, there was only slight to fair
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agreement in classifications for all the models across 2012, 2013 and 2014. From 2012-2014,
each model classified less than 50% of teachers consistently. The Covariate Model consistently
classified 48.43% (154) teachers the same, the Layered Model consistently classified 45.29%
(144) of teachers the same, the Equipercentile Model consistently classified 44.03% (140) of
teachers the same, and the Gains Model consistently classified 49.37% (157) of teachers the
same. No model consistently identified the same “Ineffective” teachers or “Exemplary” teaches
and only the Layered Model failed to consistently identify any “Minimally Effective” from 2012
to 2014.
Statistically, regardless of the model chosen to provide a measure of teacher
effectiveness, the results are highly comparable. The data does not support that one model is
superior to any other model in its ability to consistently classify a teacher a teacher across time.
Stability of Models across Subpopulations
The third research question inquired as to whether or not the models measuring teacher
effects have would have consistent results for similar teachers regardless of student demographic
characteristics. This study classified teachers as being in a district of high, medium or low
poverty and high, medium or low minority. The majority of teachers in the cohort under
investigation were categorized as medium poverty and high minority. Teachers in each category
were ranked by their teacher effect score for each model in each region. The rankings were in
each category were compared across the models.
With all the information from Table 4-28 through

Table 4-33 (pages 123-134) put together, the strongest agreements in rankings between
models among the subpopulations of poverty and minority groups through the three years
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occurred between the CM and the GM. The weakest agreement in rankings among all poverty
and all minority groups, was the agreement that existed between the rankings of teachers in the
EM and the rankings of teachers in the LM. Still, correlations between all models across all years
showed strong to very strong agreement.
When teachers were categorized as “Ineffective”, “Minimally Effective”, “Effective”,
“Highly Effective” or “Exemplary” within the minority groups, in 2012, each model classified a
higher percentage of teachers in the low poverty group as “Minimally Effective” than “Highly
Effective”. Similarly, in 2012, the Equipercentile Model, the low poverty group classified a
higher percentage of teachers in the low poverty group as “Minimally Effective” than “Highly
Effective” as did the Layered Model in 2014.
Also of note is the categorization of teachers in the high poverty group. Through the
Gains Model in 2012, 2013 and 2014, the Equipercentile Model in 2013 and 2014, and the
Covariate Model in 2014, a higher percentage of teachers in the high poverty group was
classified as “Minimally Effective” than “Highly Effective”. This was not consistent with the
nature of the distribution of classifications of the cohort as a whole.
Addressing Concerns
This study utilized data from the mathematics portion of the Arkansas Augmented
Benchmark Exam (ABAE) for three cohorts of fifth grade students with each cohort having three
years of data to compare value-added models on their ability to consistently rank teachers on
teacher effectiveness scores between each model and across time within each model. While the
stability of the test is not of concern for this study as all students were administered the same test
and thus any problems with stability would be systematic, having vertically equated tests was a
requirement for some models in this study. The latest year of data utilized in this study was from
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the last year the ABAE was administered in the state. The year following, 2015, Arkansas
administered the PARCC assessment. And in 2016 Arkansas will administer a new statewide
exam, the ACT Aspire. We will need to have three years of consistent data from the same test for
a replication of this study in Arkansas, or any other state4 to be possible. In the event systematic
problems exist within a test, since the characteristics of the test affect all teachers equally, with a
carefully selected subpopulation, as was used with this study, the same conclusions should be
derived.
This study showed results of teacher ranking were consistent among the models for a
carefully selected data set meeting the criteria needed to answer the identified research questions.
A next step would be to investigate if the same conclusions would be obtained with different data
that relaxed some of the constraints in the current study, i.e., inclusion of mobile students and
different grade levels. If similar results were obtained with a less restrictive data set, then
evidence of external validity would start to emerge.
While the cut scores that partitioned the teachers into different categories of effectiveness
(Ineffective, Minimally Effective, Effective, Highly Effective, or Exemplary) were based
utilizing the standard deviation for the normally distributed scores, standards setting needs to be
done to more precisely categorize teachers based on their calculated effectiveness by each model.
While the goal is that all teachers in our classrooms are effective teachers, there is ample
evidence that there are ineffective teachers in schools. It is of upmost importance to identify
ineffective teachers to provide them with the support and training needed for them to excel as

4

Replication of this study in other states will need to account for measurement invariance
associated with the administered state test.
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effective teachers or to remove them from the schools. Correct identification of exemplary
teachers is also important.
Future Research
The RTTT defined within its framework, that student growth would not be the only data
used to provide a teacher effectiveness rating. To this end, investigation into how teacher
effectiveness ratings correlate with other qualitative measures used to assess teacher
effectiveness (teacher observations, classroom walkthroughs, interviews, etc.) is needed. It is
hoped that the same inferences can be derived from any measure.
While measures of teacher effectiveness can help to identify teachers who are successful
in the classroom, they do not help identify habits of successful teachers nor do they provide
information on how to improve teaching. If data from teacher observations were synthesized
with measures of teacher effectiveness, exploration of the data could identify which habits the
teachers who were identified as successful have in common. This information could then be
taught in teacher preparation programs and presented through professional development for
teachers already in the classroom. If our main goal is to increase student learning, it is logical
that we improve teaching. Being able to identify the habits of successful teachers in paramount in
this endeavor.
This study was comprised of strictly fifth grade teachers. Expanding this research with
inclusion of course codes as may help to identify teachers who are better at, for example,
teaching Algebra over Geometry. This is important information for schools to have when
developing class schedules. If a teacher is identified as a poor teacher for a specific subject, then
the principal would not want to assign them that course. Teachers more adept for teaching that
subject will, most likely, have more gains with their students.
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Final Thoughts
The highly qualified provision added to state accountability was a bold endeavor. But to
ensure that we are staffing our classrooms with highly qualified teachers, we need to have a
system in place that accurately parses out the educational contribution of each teacher. In
addition to partitioning out the teacher contribution, the least expensive and most transparent
model is preferred if the same inferences could be derived from each model.
Teacher effects for Arkansas teachers were calculated through four models currently in
use. The effects produced by each model were compared between the models to see if the models
were consistent in ranking teachers and within the models to see if each model was consistent in
ranking teachers year to year. Additional investigation compared the rankings of teachers within
poverty and minority categorizations between models to see if rankings were consistent. Each
inquiry revealed that, statistically, the models produced similar results.
Since the results indicate similar conclusions could be inferred from each model, the least
expensive model that requires the least amount of data and is the easiest to understand, would be
a likely selection by the SEA. In that case, the GM is the most transparent requiring only one
year of prior data to compute teacher effects. However, the GM requires vertically scaled
assessments, may have low reliability and does not control for student background
characteristics. On the other hand, the CM is relatively easy to compute, does not require
vertically scaled assessment and incorporates student background characteristics. But like the
GM, is relatively imprecise with only two years of data. The LM does not require a vertically
scaled assessment, provides relatively precise estimations of teacher effects, and does not require
complete student records for inclusion in calculations. But, the LM is computationally
burdensome, thus not transparent and costly, is not easy to understand, and requires multiple
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years of data. The EM, like the GM and the CM, only require two years of data, does not require
vertically scaled assessments, and provides intuitive information to stakeholders. Yet, like the
LM, the model is computationally burdensome and lacks transparency. With model selection
being of little to no consequence, it will be up to the SEA to weigh the pros and cons of each
model and select the model they feel will be the most defensible.
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Appendix A
Model Assumptions of Normality for 2012 and 2013
Table A-1
Normality Statistics for 2012
Model

Shapiro-Wilks

Skewness

Kurtosis

Gains Model

0.998 (p < 0.990)

-0.005

0.273

Covariate Adjusted
Model
Layered Model

0.996 (p < 0.665)

0.160

0.130

0.996 (p < 0.630

0.013

0.225

Equipercentile Model

0.990 (p < 0.037)

-0.142

0.289

Figure A-1. 2012 Distribution of teacher effects calculated by the Layered Model.
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Figure A-2. 2012 Distribution of teacher effects calculated by the Equipercentile Model.
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Figure A-3. 2012 Distribution of teacher effects calculated by the Covariate Model.
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Figure A-4. 2012 Distribution of teacher effects calculated by the Gains Model.
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Table A-2
Normality Statistics for 2013
Model
Gains Model

Shapiro-Wilks
0.996 (p < 0.638)

Skewness
-0.218

Kurtosis
0.062

Covariate Adjusted
Model
Layered Model

0.992(p < 0.090)

-0.264

0.322

0.986 (p < 0.03)

-0.443

1.06

Equipercentile Model

0.992 (p < 0.094)

-0.076

0.324

Figure A-5. 2013 Distribution of teacher effects calculated by the Layered Model.
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Figure A-6. 2013 Distribution of teacher effects calculated by the Equipercentile Model.
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Figure A-7. 2013 Distribution of teacher effects calculated by the Covariate Model.
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Figure A-8. 2013 Distribution of teacher effects calculated by the Gains Model.
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Appendix B
Model Assumptions of Linearity for 2012 and 2013

Figure B-1. 2012 Relationship between teacher ranks produced by the Covariate Model and
those produced by the Equipercentile Model.

Figure B-2. 2012 Residuals of Teacher Rank by Equipercentile Model predicted from Teacher
Rank by Covariate Model.
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Figure B-3 2012 Relationship between teacher ranks produced by the Covariate Model and those
produced by the Layered Model.

Figure B-4. 2012 Residuals of Teacher Rank by Layered Model predicted from Teacher Rank by
Covariate Model.
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Figure B-5. 2012 Relationship between teacher ranks produced by the Covariate Model and
those produced by the Gains Model.

Figure B-6. 2012 Residuals of Teacher Rank by Gains Model predicted from Teacher Rank by
Covariate Model.
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Figure B-7. 2012 Relationship between teacher ranks produced by the Layered Model and those
produced by the Equipercentile Model.

Figure B-8. 2012 Residuals of Teacher Rank by Equipercentile Model predicted from Teacher
Rank by Layered Model.
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Figure B-9. 2012 Relationship between teacher ranks produced by the Layered Model and those
produced by the Gains Model.

Figure B-10. 2012 Residuals of Teacher Rank by Gains Model predicted from Teacher Rank by
Layered Model.
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Figure B-11. 2012 Relationship between teacher ranks produced by the Equipercentile Model
and those produced by the Gains Model.

Figure B-12. 2012 Residuals of Teacher Rank by Gains Model predicted from Teacher Rank by
Equipercentile Model.
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Figure B-13. 2013 Relationship between teacher ranks produced by the Covariate Model and
those produced by the Equipercentile Model.

Figure B-14. 2013 Residuals of Teacher Rank by Equipercentile Model predicted from Teacher
Rank by Covariate Model.
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Figure B-15. 2013 Relationship between teacher ranks produced by the Covariate Model and
those produced by the Layered Model.

Figure B-16. 2013 Residuals of Teacher Rank by Layered Model predicted from Teacher Rank
by Covariate Model.
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Figure B-17. 2013 Relationship between teacher ranks produced by the Covariate Model and
those produced by the Gains Model.

Figure B-18. 2013 Residuals of Teacher Rank by Gains Model predicted from Teacher Rank by
Covariate Model.
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Figure B-19. 2013 Relationship between teacher ranks produced by the Layered Model and those
produced by the Equipercentile Model.

Figure B-20. 2013 Residuals of Teacher Rank by Equipercentile Model predicted from Teacher
Rank by Layered Model.
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Figure B-21. 2013 Relationship between teacher ranks produced by the Layered Model and those
produced by the Gains Model.

Figure B-22. 2013 Residuals of Teacher Rank by Gains Model predicted from Teacher Rank by
Layered Model.
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Figure B-23. 2013 Relationship between teacher ranks produced by the Equipercentile Model
and those produced by the Gains Model.

Figure B-24. 2013 Residuals of Teacher Rank by Gains Model predicted from Teacher Rank by
Equipercentile Model.
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Appendix C
Model Assumptions of Linearity by Region for 2012
Region 1

Figure C-1. Relationship between 2012 Region 1 teacher ranks produced by the Covariate Model
and the Equipercentile Model.

Figure C-2. 2012 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure C-3. Relationship between 2012 Region 1 teacher ranks produced by the Covariate Model
and the Layered Model.

Figure C-4. 2012 Region 1 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure C-5. Relationship between 2012 Region 1 teacher ranks produced by the Covariate Model
and the Gains Model.

Figure C-6. 2012 Region 1 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure C-7. Relationship between 2012 Region 1 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure C-8. 2012 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure C-9. Relationship between 2012 Region 1 teacher ranks produced by the Layered Model
and the Gains Model.

Figure C-10. 2012 Region 1 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure C-11. Relationship between 2012 Region 1 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure C-12. 2012 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 2

Figure C-13. Relationship between 2012 Region 2 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure C-14. 2012 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure C-15. Relationship between 2012 Region 2 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure C-16 2012 Region 2 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure C-17. Relationship between 2012 Region 2 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure C-18. 2012 Region 2 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure C-19. Relationship between 2012 Region 2 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure C-20. 2012 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure C-21. Relationship between 2012 Region 2 teacher ranks produced by the Layered Model
and the Gains Model.

Figure C-22. 2012 Region 2 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure C-23. Relationship between 2012 Region 2 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure C-24. 2012 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 3

Figure C-25. Relationship between 2012 Region 3 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure C-26. 2012 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure C-27. Relationship between 2012 Region 3 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure C-28. 2012 Region 3 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure C-29. Relationship between 2012 Region 3 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure C-30. 2012 Region 3 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure C-31. Relationship between 2012 Region 3 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure C-32. 2012 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure C-33. Relationship between 2012 Region 3 teacher ranks produced by the Layered Model
and the Gains Model.

Figure C-34. 2012 Region 3 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure C-35. Relationship between 2012 Region 3 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure C-36. 2012 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 4

Figure C-37. Relationship between 2012 Region 4 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure C-38. 2012 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure C-39. Relationship between 2012 Region 4 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure C-40. 2012 Region 4 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure C-41. Relationship between 2012 Region 4 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure C-42. 2012 Region 4 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure C-43. Relationship between 2012 Region 4 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure C-44. 2012 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure C-45. Relationship between 2012 Region 4 teacher ranks produced by the Layered Model
and the Gains Model.

Figure C-46. 2012 Region 4 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure C-47. Relationship between 2012 Region 4 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure C-48. 2012 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 5

Figure C-49. Relationship between 2012 Region 5 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure C-50. 2012 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure C-51. Relationship between 2012 Region 5 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure C-52. 2012 Region 5 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure C-53. Relationship between 2012 Region 5 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure C-54. 2012 Region 5 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure C-55. Relationship between 2012 Region 5 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure C-56. 2012 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure C-57. Relationship between 2012 Region 5 teacher ranks produced by the Layered Model
and the Gains Model.

Figure C-58. 2012 Region 5 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure C-59. Relationship between 2012 Region 5 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure C-60. 2012 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Appendix D
Model Assumptions of Linearity by Region for 2013
Region 1

Figure D-1. Relationship between 2013 Region 1 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure D-2 2013 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure D-3. Relationship between 2013 Region 1 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure D-4. 2013 Region 1 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure D-5. Relationship between 2013 Region 1 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure D-6. 2013 Region 1 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure D-7. Relationship between 2013 Region 1 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure D-8. 2013 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure D-9. Relationship between 2013 Region 1 teacher ranks produced by the Layered Model
and the Gains Model.

Figure D-10. 2013 Region 1 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure D-11. Relationship between 2013 Region 1 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure D-12. 2013 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 2

Figure D-13. Relationship between 2013 Region 2 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure D-14. 2013 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure D-15. Relationship between 2013 Region 2 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure D-16. 2013 Region 2 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure D-17. Relationship between 2013 Region 2 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure D-18. 2013 Region 2 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure D-19. Relationship between 2013 Region 2 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure D-20. 2013 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure D-21. Relationship between 2013 Region 2 teacher ranks produced by the Layered Model
and the Gains Model.

Figure D-22. 2013 Region 2 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure D-23. Relationship between 2013 Region 2 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure D-24. 2013 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 3

Figure D-25. Relationship between 2013 Region 3 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure D-26. 2013 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure D-27. Relationship between 2013 Region 3 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure D-28. 2013 Region 3 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure D-29. Relationship between 2013 Region 3 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure D-30. 2013 Region 3 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure D-31 Relationship between 2013 Region 3 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure D-32. 2013 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure D-33. Relationship between 2013 Region 3 teacher ranks produced by the Layered Model
and the Gains Model.

Figure D-34. 2013 Region 3 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure D-35. Relationship between 2013 Region 3 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure D-36. 2013 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 4

Figure D-37. Relationship between 2013 Region 4 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure D-38. 2013 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure D-39. Relationship between 2013 Region 4 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure D-40. 2013 Region 4 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure D-41. Relationship between 2013 Region 4 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure D-42. 2013 Region 4 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure D-43. Relationship between 2013 Region 4 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure D-44. 2013 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure D-45. Relationship between 2013 Region 4 teacher ranks produced by the Layered Model
and the Gains Model.

Figure D-46. 2013 Region 4 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure D-47. Relationship between 2013 Region 4 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure D-48. 2013 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 5

Figure D-49. Relationship between 2013 Region 5 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure D-50. 2013 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure D-51. Relationship between 2013 Region 5 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure D-52. 2013 Region 5 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure D-53. Relationship between 2013 Region 5 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure D-54. 2013 Region 5 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure D-55. Relationship between 2013 Region 5 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure D-56. 2013 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure D-57. Relationship between 2013 Region 5 teacher ranks produced by the Layered Model
and the Gains Model.

Figure D-58. 2013 Region 5 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure D-59. Relationship between 2013 Region 5 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure D-60. 2013 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.

255

Appendix E
Model Assumptions of Linearity by Region for 2014
Region 1

Figure E-1. Relationship between 2014 Region 1 teacher ranks produced by the Covariate Model
and the Gains Model.

Figure E-2. 2014 Region 1 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure E-3. Relationship between 2014 Region 1 teacher ranks produced by the Covariate Model
and the Equipercentile Model.

Figure E-4 2014 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure E-5. Relationship between 2014 Region 1 teacher ranks produced by the Covariate Model
and the Layered Model.

Figure E-6. 2014 Region 1 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure E-7. Relationship between 2014 Region 1 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure E-8. 2014 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.

259

Figure E-9. Relationship between 2014 Region 1 teacher ranks produced by the Layered Model
and the Gains Model.

Figure E-10. 2014 Region 1 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure E-11. Relationship between 2014 Region 1 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure E-12. 2014 Region 1 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 2

Figure E-13. Relationship between 2014 Region 2 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure E-14. 2014 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure E-15. Relationship between 2014 Region 2 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure E-16. 2014 Region 2 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure E-17. Relationship between 2014 Region 2 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure E-18. 2014 Region 2 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure E-19. Relationship between 2014 Region 2 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure E-20. 2014 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure E-21. Relationship between 2014 Region 2 teacher ranks produced by the Layered Model
and the Gains Model.

Figure E-22. 2014 Region 2 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure E-23. Relationship between 2014 Region 2 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure E-24. 2014 Region 2 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 3

Figure E-25. Relationship between 2014 Region 3 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure E-26. 2014 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure E-27. Relationship between 2014 Region 3 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure E-28. 2014 Region 3 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure E-29. Relationship between 2014 Region 3 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure E-30. 2014 Region 3 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure E-31. Relationship between 2014 Region 3 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure E-32. 2014 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure E-33. Relationship between 2014 Region 3 teacher ranks produced by the Layered Model
and the Gains Model.

Figure E-34. 2014 Region 3 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure E-35. Relationship between 2014 Region 3 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure E-36. 2014 Region 3 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 4

Figure E-37. Relationship between 2014 Region 4 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure E-38. 2014 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure E-39. Relationship between 2014 Region 4 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure E-40. 2014 Region 4 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure E-41. Relationship between 2014 Region 4 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure E-42. 2014 Region 4 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure E-43. Relationship between 2014 Region 4 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure E-44. 2014 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure E-45. Relationship between 2014 Region 4 teacher ranks produced by the Layered Model
and the Gains Model.

Figure E-46. 2014 Region 4 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.
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Figure E-47. Relationship between 2014 Region 4 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure E-48. 2014 Region 4 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Region 5

Figure E-49. Relationship between 2014 Region 5 teacher ranks produced by the Covariate
Model and the Equipercentile Model.

Figure E-50. 2014 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Covariate Model.
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Figure E-51. Relationship between 2014 Region 5 teacher ranks produced by the Covariate
Model and the Layered Model.

Figure E-52. 2014 Region 5 Residuals of Teacher Rank by Layered Model predicted from
Teacher Rank by Covariate Model.
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Figure E-53. Relationship between 2014 Region 5 teacher ranks produced by the Covariate
Model and the Gains Model.

Figure E-54. 2014 Region 5 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Covariate Model.
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Figure E-55. Relationship between 2014 Region 5 teacher ranks produced by the Layered Model
and the Equipercentile Model.

Figure E-56. 2014 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Layered Model.
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Figure E-57. Relationship between 2014 Region 5 teacher ranks produced by the Layered Model
and the Gains Model.

Figure E-58. 2014 Region 5 Residuals of Teacher Rank by Gains Model predicted from Teacher
Rank by Layered Model.

284

Figure E-59. Relationship between 2014 Region 5 teacher ranks produced by the Gains Model
and the Equipercentile Model.

Figure E-60. 2014 Region 5 Residuals of Teacher Rank by Equipercentile Model predicted from
Teacher Rank by Gains Model.
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Appendix F
Effectiveness Classification Consistencies for 2012 and 2013
Table F-1
Teacher Effectiveness Classification Consistency between Covariate Model and Gains Model for
2012
Covariate Model

Gains Model

Ineffective

Ineffective
0
0

Minimally

0.63% (2)

Effective

Minimally
Effective

Highly
Effective

Effective

Exemplary

0

0

0

8.18% (26)

1.89% (6)

0

0

0

2.83% (9)

70.75% (225) 1.89% (6)

0

Highly Effective

0

0

1.57% (5)

10.06% (32)

0.63% (2)

Exemplary

0

0

0

0

1.57% (5)

Effective

As can be seen down the main diagonal, 288 (91%) of teachers were categorized the
same by the Covariate Model and Gains Model. A weighted Kappa coefficient of 0.804 was
calculated on the agreement in classifications between the Covariate Model Classifications and
the Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as excellent.

286

Table F-2
Teacher Effectiveness Classification Consistency between Equipercentile Model and Covariate
Model for 2012
Covariate
Model

Equipercentile Model
Minimally
Effective

Ineffective

Highly
Effective

Effective

Exemplary

Ineffective

0

0

0

0

0

Minimally

1.57% (5)

6.29% (20)

2.83% (9)

0

0

Effective

0

3.46% (11)

68.87% (219) 3.14% (10)

0

Highly

0

0

5.66% (18)

5.66% (18)

0.94% (3)

0

0

0.31% (1)

0.94% (3)

0.31% (1)

Effective

Effective
Exemplary

As can be seen down the main diagonal, 258 (81%) of teachers were categorized the
same by the Equipercentile Model and Covariate Model. A weighted Kappa coefficient of 0.581
was calculated on the agreement in classifications between the Equipercentile Model
Classifications and the Covariate Model Classifications. Following the guidelines in Table 4-4
we can describe the strength of agreement as intermediate to good.
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Table F-3
Teacher Effectiveness Classification Consistency between Layered Model and Covariate Model
for 2012
Layered
Covariate Model
Model
Minimally
Highly
Ineffective
Effective
Effective
Effective
Exemplary
Ineffective
0
0.94 (3)
0.31 (1)
0
0
Minimally
Effective

0

6.92 (22)

4.40 (14)

0

0

Effective

0

2.83 (9)

66.04 (210)

4.72 (15)

0

Highly
Effective

0

0

4.72 (15)

6.29 (20)

0.31 (1)

Exemplary

0

0

0

1.26 (4)

1.26 (4)

As can be seen down the main diagonal, 256 (81%) of teachers were categorized the
same by the Layered Model and Covariate Model. A weighted Kappa coefficient of 0.601 was
calculated on the agreement in classifications between the Layered Model Classifications and the
Covariate Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table F-4
Teacher Effectiveness Classification Consistency between Gains Model and Equipercentile
Model for 2012
Gains Model

Equipercentile Model
Minimally
Effective

Highly
Effective

Ineffective

Ineffective
0.63% (2)

Effective

Exemplary

0

0

0

0

Minimally

0.94% (3)

7.23% (23)

2.83% (9)

0

0

Effective

0

2.52% (8)

68.50% (221) 2.20% (7)

0

Highly

0

0

5.03% (16)

6.29% (20)

0.63% (2)

0

0

0.31% (1)

1.26% (4)

0.63% ( 2)

Effective

Effective
Exemplary

As can be seen down the main diagonal, 268 (84%) of teachers were categorized the
same by the Gains Model and Equipercentile Model. A weighted Kappa coefficient of 0.666 was
calculated on the agreement in classifications between the Gains Model Classifications and the
Equipercentile Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table F-5
Teacher Effectiveness Classification Consistency between Layered Model and Equipercentile
Model for 2012
Layered
Model

Equipercentile Model

Minimally
Effective

Ineffective

Highly
Effective

Effective

Exemplary

Ineffective

0.31% (1)

0.31% (1)

0.63% (2)

0

0

Minimally
Effective

1.26% (4)

4.09% (13)

5.97% (19)

0

0

Effective

0

5.35% (17)

62.89%

5.03% (16)

0.31% (1)

(200)
Highly
Effective

0

0

7.55% (24)

3.46% (11)

0.31% (1)

Exemplary

0

0

0.63% (2)

1.26% (4)

0.63% (2)

As can be seen down the main diagonal, 227 (71%) of teachers were categorized the
same by the Layered Model and Equipercentile Model. A weighted Kappa coefficient of 0.388
was calculated on the agreement in classifications between the Layered Model Classifications
and the Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as poor.
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Table F-6
Teacher Effectiveness Classification Consistency between Layered Model and Gains Model for
2012.
Layered
Model

Gains Model
Ineffective

Minimally
Effective

Effective

Highly
Effective

Exemplary

Ineffective

0.31% (1)

0.31% (1)

0.63% (2)

0

0

Minimally
Effective

0.31% (1)

6.60% (21)

4.40% (15)

0

0

Effective

0

4.09% (13)

63.84% (203) 5.66% (18)

0

Highly
Effective

0

0

5.35% (17)

5.03% (16)

0.94% (3)

Exemplary

0

0

0

1.26% (4)

1.26% (4)

As can be seen down the main diagonal, 245 (77%) of teachers were categorized the
same by the Layered Model and Gains Model. A weighted Kappa coefficient of 0.545 was
calculated on the agreement in classifications between the Layered Model Classifications and the
Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the strength
of agreement as intermediate to good.
Across all four models in 2012, 208 (65%) of the teachers were consistently identified as
belonging to the same category. Of those categorizations in agreement, 185 (89%) were
identified as “Effective”, 13 (6%) as “Minimally Effective”, nine (4%) were identified as
“Highly Effective” and one as “Exemplary”. No teachers were consistently identified by every
model as “Ineffective”. The agreement in ranking by the kappa statistic between the Layered
Model and the Equipercentile Model in this year was considered to be poor while this same static
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found the agreement in ranking between the Covariate Model and the Gains Model to be
excellent. All other agreements were considered intermediate to good.
Table F-7
Teacher Effectiveness Classification Consistency between Covariate Model and Gains Model for
2013
Covariate Model

Gains Model

Ineffective

Minimally
Ineffective
Effective
0.63% (2) 0.94% (3)

Highly
Effective

0

0

0

Minimally

0.31% (1)

6.92% (22)

1.26% (4)

0

0

Effective

0

2.83% (9)

68.87% (219) 2.20% (7)

0

Highly Effective

0

0

3.14% (10)

10.69% (34)

1.26% (4)

Exemplary

0

0

0

0.31% (1)

0.63% (2)

Effective

Exemplary

Effective

As can be seen down the main diagonal, 279 (88%) of teachers were categorized the
same by the Covariate Model and Gains Model. A weighted Kappa coefficient of 0.759 was
calculated on the agreement in classifications between the Covariate Model Classifications and
the Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as excellent.
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Table F-8
Teacher Effectiveness Classification Consistency between Equipercentile Model and Covariate
Model for 2013
Covariate
Model

Equipercentile Model

Ineffective

Ineffective
0.63% (2)

Minimally
Effective
0.94% (3)

Highly
Effective

0

0

0

Minimally

0.31% (1)

5.66% (18)

2.52% (8)

0

0

Effective

0

4.09% (13)

65.09% (207) 4.72% (15)

0

Highly

0

0

4.40% (14)

9.75% (31)

0.94% (3)

0

0

0

0.63% (2)

0.31% (1)

Effective

Exemplary

Effective

Effective
Exemplary

As can be seen down the main diagonal, 259 (81%) of teachers were categorized the
same by the Equipercentile Model and Covariate Model. A weighted Kappa coefficient of 0.637
was calculated on the agreement in classifications between the Equipercentile Model
Classifications and the Covariate Model Classifications. Following the guidelines in Table 4-4
we can describe the strength of agreement as intermediate to good.
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Table F-9
Teacher Effectiveness Classification Consistency between Layered Model and Covariate Model
for 2013
Layered
Covariate Model
Model
Minimally
Highly
Ineffective
Effective
Effective
Effective
Exemplary
Ineffective
0.94% (3)
0.63% (2)
0
0
0
Minimally
Effective

0.31% (1)

3.77% (12)

3.46% (11)

0

0

Effective

0.31% (1)

4.09% (13)

65.72% (209) 5.35% (17)

0

Highly
Effective

0

0

4.72% (15)

8.18% (26)

0.94% (3)

Exemplary

0

0

0

1.57% (5)

0

As can be seen down the main diagonal, 250 (79%) of teachers were categorized the
same by the Layered Model and Covariate Model. A weighted Kappa coefficient of 0.561 was
calculated on the agreement in classifications between the Layered Model Classifications and the
Covariate Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table F-10
Teacher Effectiveness Classification Consistency between Gains Model and Equipercentile
Model for 2013
Gains Model

Equipercentile Model
Minimally
Effective

Highly
Effective

Ineffective

Ineffective
0.94% (3)

Effective

Exemplary

0

0

0

0

Minimally

0

8.49% (27)

2.20% (7)

0

0

Effective

0

2.20% (7)

67.61% (215) 3.46% (11)

0

Highly

0

0

2.20% (7)

10.69% (34)

0.31% (1)

0

0

0

0.94% (3)

0.94% (3)

Effective

Effective
Exemplary

As can be seen down the main diagonal, 282 (89%) of teachers were categorized the
same by the Gains Model and Equipercentile Model. A weighted Kappa coefficient of 0.783 was
calculated on the agreement in classifications between the Gains Model Classifications and the
Equipercentile Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as excellent.
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Table F-11
Teacher Effectiveness Classification Consistency between Layered Model and Equipercentile
Model for 2013
Layered
Model

Equipercentile Model

Minimally
Effective

Ineffective

Highly
Effective

Effective

Exemplary

Ineffective

0.63% (2)

0.63% (2)

0.31% (2)

0

0

Minimally

0

4.72% (15)

2.52% (8)

0.31% (1)

0

0.31% (1)

5.03% (16)

64.15%

5.97% (19)

0

Effective
Effective

(204)
Highly

0

0.31% (1)

4.72% (15)

7.55% (24)

1.26% (4)

0

0

0.31% (1)

1.26% (4)

0

Effective
Exemplary

As can be seen down the main diagonal, 245 (77%) of teachers were categorized the
same by the Layered Model and Equipercentile Model. A weighted Kappa coefficient of 0.516
was calculated on the agreement in classifications between the Layered Model Classifications
and the Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the
strength of agreement as intermediate to good.
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Table F-12
Teacher Effectiveness Classification Consistency between Layered Model and Gains Model for
2013.
Layered
Model

Gains Model
Ineffective

Minimally
Effective

Effective

Highly
Effective

Exemplary

Ineffective

0.63% (2)

0.63% (2)

0.31% (1)

0

0

Minimally
Effective

0

4.40% (14)

3.14% (10)

0

0

Effective

0.31% (1)

5.66% (18)

64.78% (206) 4.72% (15)

0

Highly
Effective

0

0

4.72% (15)

7.23% (23)

1.89% (6)

Exemplary

0

0

0.31% (1)

1.26% (4)

0

As can be seen down the main diagonal, 245 (77%) of teachers were categorized the
same by the Layered Model and Gains Model. A weighted Kappa coefficient of 0.526 was
calculated on the agreement in classifications between the Layered Model Classifications and the
Gains Model Classifications. Following the guidelines in Table 4-4 we can describe the strength
of agreement as intermediate to good.
Across all four models, 213 (67%) of the teachers were consistently identified as
belonging to the same category in 2013. Of those categorizations in agreement, 184 (86%) were
identified as “Effective”, 17 (8%) were identified as “Highly Effective”, 11 (5%) as “Minimally
Effective” and one as “Ineffective”. No teachers were consistently identified by every model as
“Exemplary”. As previously stated, all agreements in classification as measured by the kappa
statistic between the Gains Model and the Equipercentile Model and between the Gains Model
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and the Covariate Model were considered excellent. All other agreements were considered
intermediate to good by the kappa statistic.
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